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Applications related to Financial Econometrics like risk measurement and many other financial indicators
rely on a suitable modeling of the distributional and temporal properties of the daily return series of stocks.
Financial data rarely comes from a homogeneous population and most often there is an underlying latent (hid-
den) structure that affect the observable variables. Hidden Markov models have been widely applied in financial
fields due to the features in describing these underlying structures of the financial data allowing to measure
components distribution with several underlying components capturing the underlying regimes in the data. The
Hidden Markov model are often used to model daily returns and to infer the hidden state of financial markets,
and has been shown to reproduce most of the stylized facts about stock return series. A notable exception
is the inability of the HMM’s to reproduce one ubiquitous feature of such time series, namely the slow decay
in the autocorrelation function of the absolute and squared returns. It is shown that this stylized fact can be
described much better by means of hidden semi-Markov models.
In this thesis we present hidden semi-Markov models (HSMM) with different combinations of sojourn time
distribution (SD) and emission distribution (ED) in order to improve univariate risk measures such as Value at
Risk (VaR) and Expected Shortfall (ES). We use the widely used model selecting criteria AIC and BIC in order
to find the best fitted models on each of the three dataset used, SP500, ESTX50 and FTSE. We further use these
models to see how well they reproduce the stylized facts of daily stock return series, and then we examine how
well the models reproduce the original data comparing the empirical cumulative distribution function (ECDF)
of the original data with the ECDF of the fitted models.
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Sometimes traditional statistic models fail to capture the essence of given data. The reason may be because
the observations that are being analysed does not come from a homogeneous population, or maybe there is
some underlying latent structure that affect the observable variables. This means that it’s unlikely that all of
the observations in our sample have the same set of parameter values. A Latent (hidden) variable is a variable
that is not directly observed but rather inferred through a mathematical model from other observable variables.
When you have a mathematical model whose goal is to explain the observable variables by using the latent
variables, the model is called a latent variable model. Latent variable models include a large specter of different
models that can be applied to different fields in statistics. Three examples of latent variable models that I
will talk about in this thesis is Compound distribution, Finite mixture models and hidden Markov models.
Compound distribution can be seen as a continuous mixture model, finite mixture model can be seen as a
non-parametric approach for the mixing distribution used in the compound approach and the Hidden Markov
model can be seen as an extension of finite mixture model to time-dependent data analysis. Hidden Markov
models are models in which the distribution that generates an observation depends on the state of an underlying
and unobserved Markov process. They provide flexible general-purpose models for univariate and multivariate
time series, especially for discrete valued series, including categorical series and timeseries. The main model I
will cover in this thesis is the HSMM, which is an extension of the HMM. The underlying process of the HSMM
is an semi-Markov chain that allows one to utilize more flexible sojourn time distributions than that of a HMM
model where the state duration implicitly is a geometric distribution. Contrary to the HMM model, for each
state in the HSMM model there is a variable duration d modelled by the survivor function (eq 3.2), which is
the key to extend the original algorithms that say there is a change of state immediately after the last observation.
The growing popularity of HMM’s in the past decades has led to numerous papers on applications to real-
world problems, and also an increased interest in computational aspects. In order to estimate the parameters of
the HMM model, one must employ maximum likelihood (ML) parameter estimation, mostly by implementing
a expectation maximization algorithm or alternatively a numerical maximization algorithm. In the case of the
HSMM’s, the situation is, however, slightly different. The main difference, compared to HMM, is that they allow
for a greater flexibility for the choice of the sojourn time distributions. Unfortunately, this flexibility comes
with a much higher computational burden. In order to make this class of models accessible to a larger number
of researchers, there exists some packages, including the package hsmm introduced by Bulla et al. [2010] and
the package mhsmm introduced by O’Connell and Højsgaard [2011], which is the one used in this thesis. The
mhsmm package implements all the most important algorithms required for working with HSMM and HMM,
which includes estimation of parameters and prediction.
Applications related to Financial Econometrics like risk measurement and many other financial indicators
rely on a suitable modeling of the distributional and temporal properties of the daily return series of stocks,
indices or other assets. The normal distribution with stationary parameters has often been chosen to model
daily return series in financial theory. However, the lack of the Normal distributions ability to capture skewness
and kurtosis, which is well known to be present in financial timeseries, makes it not an appropriate model for
financial timeseries. After a paper by Fama [1965], which observed more kurtosis and higher peaks contradict-
ing the assumption of normality, many authors proposed solutions to overcome this drawback. Blattberg and
Gonedes [1974] preferred the t distribution and many other authors has proposed different distributions, like
Eling [2012] who preferred skew-normal and skew-t distribution.
Many different stylized facts have been established for financial returns, see e.g. Granger and Ding [1995a]
and Granger and Ding [1995b]. Rydén et al. [1998] showed the ability of a hidden Markov model (HMM) to
reproduce most of the stylized facts of daily return series introduced by Granger and Ding [1995a] and Granger
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and Ding [1995b]. In an HMM, the distribution that generates an observation depends on the state of an
unobserved Markov chain. Rydén et al. [1998] found that the one stylized fact that could not be reproduced
by an HMM was the slow decay of the autocorrelation function (ACF) of squared and absolute daily returns,
which is of great importance in financial risk management. Rydén et al. [1998] considered this stylized fact to
be the most difficult to reproduce with an HMM. According to Bulla and Bulla [2006], the lack of flexibility of
an HMM to model this long-memory property can be explained by the geometrically distributed sojourn times
in the hidden states. This led them to consider The HSMM model in which the sojourn time distribution is
modeled explicitly for each hidden state. Bulla and Bulla [2006] found that an HSMM with negative-binomially
distributed sojourn times was better than the HMM at reproducing the long memory property of squared and
absoloute daily returns.
In this thesis, however, we will mainly focus on the Hidden semi-Markov models, and try different combi-
nations of sojourn distribution (SD) and emission distribution (ED) in order to find the best fitted models on
the datasets SP500, ESTX50 and FTSE based on the model selection criterias AIC and BIC. We will compare
these different combinations of models to hidden Markov models with Normal ED and number of states varying
from K = 2 to 6. The sojourn distributions available in the mhsmm package is shifted Poisson SD and Gamma
SD. The emission distributions available in the mhsmm package is the Normal ED and the Poisson ED, and
a user-defined extension for Multivariate Normal distribution presented in O’Connell and Højsgaard [2011]. In
this thesis, we want to investigate whether the t-distribution, the skew-t distribution and skew-normal distri-
bution as emission distributions will improve the fit of the three different datasets. In order to do that we must
extend the mhsmm package and write our own user-defined emission distribution for each of the distributions
mentioned above. This is more thoroughly explained in chapter 7. Furthermore, we will combine the two
sojourn distributions together with the four introduced emission distributions. The number of states in each
fitted model vary from K = 2 to 6 which results in 40 different HSMM models that will be tested on each of the
three datasets. In addition we will investigate HMM models with Normal ED and the default SD, namely the
geometric distribution, on K = 2 to 6 states, which results in 5 different models. Based on the values obtained
from the model selection criterias, we will continue the analysis chapter with the three best fitted models on
each dataset. The best HMM model, the best HSMM model with Gamma SD and the best HSMM model with
shifted Poisson SD for each dataset. We will use the best fitted models to improve the estimates of univariate
risk measures, Value at Risk (VaR) and Expected Shortfall (ES), which is explained in chapter (8.3.1). We
will further check for the stylized facts of stock return series, and show that the stylized fact can be described
better by means of HSMM, chapter (8.3.3). Then we will do an in-sample analysis to see how good the different
models perform in reproducing the original data, which is explained in chapter 8.3.4. As an additional analysis,
we will do an component distribution analysis of the HSMM with Gamma SD and Normal ED for K = 3 states
on the ESTX50 dataset to show how one can interpret and identify different periods of volatilities, explained in
chapter (8.3.2).
Summarized, this thesis is divided into three parts. Following this introductory part is Part Two, which
presents background information necessary for the empirical analysis. The organization in Part Two is struc-
tured as follows: Chapter 2 gives in introduction to latent variable models where three latent variable models
mentioned above are introduced. Chapter 3 gives a thorough explanation of the HSMM model and its algo-
rithms. Chapter 4 introduce the four different distributions used as the emission distribution in the HSMM
framework. Chapter 5 gives a brief introduction to Financial Returns. Chapter 6 describes the importance of
Risk Management and univariate risk measures and chapter 7 describe the extension of the mhsmm package
where the four different distribution introduced in chapter 4 are implemented as emission distributions. Part
Three provides the empirical results. This part is divided into three sub-chapters, beginning with Chapter 8.1,
which covers the descriptive statistics related to the dataset used in this thesis. Chapter 8.2 which describes
model selection criteria and Chapter 8.3, which give us an insight into the Empirical Analysis and results.
The analysis presented in chapter 8 is performed in R, a programming language for statistical computing and
graphics. Chapter 9 is a summary of this thesis, including the conclusions we have drawn from our research
and suggests several ideas for related future work. Following these concluding chapters are several appendices




A Latent (hidden) variable is a variable that is not directly observed but rather inferred through a mathematical
model from other observable variables. When you have a mathematical model whose goal is to explain the
observable variables by using the latent variables, the model is called a latent variable model. Latent variable
models can be used to answer questions about the latent constructs, regarding for example how their means and
standard deviations vary between populations, and also how different constructs are associated with each other.
Any model that relates some kind of latent structure to an observed structure could be called a latent variable
model, and the possibilities regarding the dimensionality and form of these structures are endless. Unlike, for
example, the normal family of distributions where the mean and standard deviation are known, the distribution
is normal and the probability of any future observation lying in a given range is known. This is not the case for
latent variable Models. In this chapter I will introduce three latent variable models; Compound distribution,
Finite mixture and hidden Markov models. I will first introduce the compound distribution, which can be
seen as continuous mixture models. Then I will introduce the Finite mixture model, which can be seen as a
non-parametric approach for the mixing distribution used in the compound approach. And last, I will introduce




A compound probability distribution is the probability distribution that results from assuming that a random
variable X is distributed according to some parameterized distribution F with an unknown parameter theta that
is again distributed according to some other distribution G. The resulting distribution H is said to be the distri-
bution that results from compounding F with G
In this chapter, the theory is based on the following articles books: Cai and Garrido [1999], Ma [2010], Lin
[2006], Pitts [1994], Willmot and Lin [2001] and Shevchenko [2010] which gives a thorough introduction and
explanation on the compound distribution.
The most important job in actuarial risk modelling is accurately fitting the tails of the insurance losses.
In particular, the losses in the right tail, though rare in frequency, are indeed the ones that have the most
impact on the operations of an insurer as it could lead to possible bankruptcy of the company. In such cir-
cumstances, heavy tailed distributions such as Pareto, lognormal, Weibull and gamma distribution have been
shown to be reasonable competitive. However, each of these distributions covers different behaviour of losses.
While Pareto does not provide a reasonable fit when the density of the data is hump shaped, lognormal, Weibull,
and gamma distributions better cover the behaviour of small losses but fail to cover the behaviour of large losses.
A desired model is a model that account for all the peculiarities of the loss data discussed above. Compound
distribution is an approach that combines different distributions to obtain a new probability distribution that
gives a more precise and accurate analysis. Continuous compound distribution is a desirable choice if you want
to improve the tail behaviour of any unimodal distribution with positive support.
In continuous compound distribution the variability-related parameter is scaled by a suitable arbitrary vari-
able. In particular, a 2- parameter unimodal hump-shaped model is considered and is defined on a positive
support, that is, values on the positive real line. The model is parameterized with respect to 2 parameters,
γ > 0 and θ > 0. The γ parameter is closely related to the variability in the distribution and θ is the mode.
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The γ parameter is then scaled by some parameterized mixing distribution that takes on values on the whole
or only parts of the positive real line and is also dependent on a single parameter that governs the behaviour
of the tail. The result is a 3-parameter compound distribution which gives more flexibility to the tails of this
new conditional distribution. Various classes of models can be considered for the mixing distribution to give
the best result and the resulting model guarantees unimodality in the parameter theta and smoothness
Compound distributions are widely used in modelling the aggregate claims in an insurance portfolio. Com-
pounding of probability distribution is a method to obtain new probability distributions by combining the
primary distribution, which is the distribution of a counting variable N (number of claims), and the secondary
distribution, which is the distribution of an individual claim amount Xi.
The compounding of probability distributions enables us to obtain both discrete as well as continuous dis-
tribution If we for instance consider the random variable S, where S is of the form S = X1 +X2 + . . . ..+XN ,
the random variable S is said to have a compound distribution where the number of terms N is uncertain, the
random variables Xi are independent and identically distributed and each Xi is independent of N. The random
sum S represents the aggregate claims amount, the primary distribution (number of claims, N) represents the
claim frequency distribution and the secondary distribution (claim amounts, Xi) represent the claim severity
distribution.
Let {X1, X2, . . . , XN} be an independent and identically distributed sequence of positive random variables,
independent of N, with common distribution function F (x) = P{Xi ≤ x} , x ≥ 0, where Xi is an arbitrary
variable from the sequence {X1, X2, . . . , XN}. {pn;n = 0, 1, 2, ..., N} specifies the number of claims distribution
and F (x), x ≥ 0 is the individual claim amount distribution. Also, let F ∗n(x) = P{
∑N
i=1Xi ≤ x} for n =
1,2,...,N be the n-fold convolution of F (x) and F
∗n(x) = 1 − F ∗n(x) = P{
∑N
i=1Xi > x} be the tail. The
distribution of the random sum S =
∑N
i=1Xi, H(x) = P{S ≤ x} with the convention that S = 0, if N = 0, is





∗n(x), x ≥ 0 (2.1)





∗n(x), x ≥ 0. (2.2)
In general, evaluation of the tail of the aggregate claims HS(x) is difficult due to the presence of the convo-
lutions. But if the individual claim amount distribution F(x) is closed under convolution, as in compound
Binomial distribution, simplification occurs. It is shown that the formulation of the compound Binomial distri-
bution provides closed forms for the marginal probabilities if the Laplace transform of the mixing distribution
may be written in closed form.
The construction of formula (2.1) is unfortunately so intricate that the direct computation of HS(x) is
tractable only in special cases, as mentioned above. An approximation is therefore necessary in order to
evaluate a compound distribution. Several methods such as moment-based analytic approximations has been
proposed for this problem. These analytic approximations perform relatively well for compound distributions
with small skewness. However, when the skewness increase, these approximation methods is no longer a good
alternative.
Another approach is numerical evaluation procedures. These methods are based on simulating the frequency
and severity distributions and is often necessary for most compound distributions in order to obtain a required
degree of accuracy. However, a simulation algorithm is often ineffective and requires a great capacity of com-
puting power.
The first three moments of the compound distribution are as follows:
The expected aggregate claims E[S] is:
E[S] = EN [E(S | N)]
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The expected value of the aggregate claims is the product of the expected number of claims and the expected
individual claim amount.
The variance of the aggregate claims Var[S] is:
V ar[S] = EN [V ar(S | N)] + V arN [E(S | N)]
= EN [V ar(X1 + ...+XN | N)] + V ar[E(X1 + ...+XN | N)]
= EN [NV ar(X)] + V ar[NE(X)]
= E[N ]V ar[X] + V ar[N ]E[X]2
(2.4)




)3] = σ−3Z E[(Z − µZ)3]
Since Ψ
(3)




Z (0) and Ψ
(3)
Z (0) = σ
3
ZγZ We have that ΨY (t) = ΨN [ΨX(t)].
So by taking the third derivative of of ΨY (t) and evaluating at t = 0 we get:
Ψ
(3)

































In finance, the form of the distribution of stock returns is a crucial assumption for modelling and analysing the
dataset in a best way possible. The distribution of stock returns tends to have both significant kurtosis and
significant skewness. In these situations, the Normal distribution, though widely used in the financial world,
lack the ability to sufficiently model the data. There are, however, several distributions that allow to regulate
for both kurtosis and/or skewness but fail to capture the normality aspect of the stock returns. Finite mixture
models have been widely applied in financial fields due to the features in describing the complex system on the
financial data analysis, allowing to measure a two or more component distribution and in estimating a mixing
probability in the data. The advantage of finite mixture models include that they maintain the tractability of
normal distribution while having finite higher order moments and can capture the excess kurtosis and skewness
which is an important aspect of analysing financial data. Finite mixture models are also useful in measuring
heavy-tailed densities, examine heterogeneity in a cluster analysis, analysing a mixture of univariate distribution
and estimating a mixing probability in the data, which also are important aspects in modelling financial stock
returns.
Financial stock returns can be divided into several periods, that is, a bull market, a bear market and a
sidewalk market. The bull market can be defined as having a higher frequency of positive returns, the bear
market can be defined as having a lower frequency of positive returns and the sidewalk market can be defined
as having more or less the same frequency of both positive and negative returns. Combining these markets,
a finite mixture model with K different components corresponding to each market, each distributed as e.g. a
Normal distribution with unknown mean and variance is a reasonable model to capture the behaviour of stock
returns.
In this chapter, the theory is based on the following articles/books: McLachlan et al. [2018], McLachlan and
Peel [2000], Picard [2007], Phoong and Ismail [2014], Chung et al. [2004], Marin et al. [2005] and Kon [1984]
which gives a thorough introduction and explanation on the finite mixture model
Most of statistical models assume that a sample of observations comes from the same distribution. Some-
times, however, it may not be true, since the sample may be drawn from numbers of distinct populations in
which the populations are not identified. In this situation the homogeneity assumption is violated, and the
Finite Mixture (FM) model is a good method to handle these kinds of situations.
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A Finite Mixture (FM) model is a useful tool in modelling heterogeneous data with a finite number of
unobserved sub-populations. In finite mixture models the total set of data that we have observed is a mixture
of underlying subgroups, and within each subgroups we have a distribution of a particular type. A common
type of finite mixture models is normal mixture model, were we assume that there is a normal distribution
within each subgroup. Because it does involve a formal statistical model, the finite mixture-modelling frame-
work can incorporate lots of models that we’re already familiar with. Finite mixture models can be applied
to classification, clustering, and pattern identification problems for independent data, and could also be used
for longitudinal data to describe differences in trajectory among these subgroups. However, due to the com-
putational convenience, the most types of FM models are based on the normality assumption, which may be
violated in certain real situations.
When the data we are interested in contains a tail that is longer and/or heavier than the tail of the nor-
mal distribution, as well as have atypical observations, the t-distribution is considered a good alternative. It
provides a more robust approach of fitting mixtures, as the observations that are atypical of a component are
given reduced weight in the calculation of its parameters, and computes fewer extreme estimates of the posterior
probabilities of the component membership of the mixture model. When the data involve asymmetric features,
the use of symmetric distributions such as normal distribution and t-distribution can be very misleading when
handling the skewness in the data. Asymmetric distribution-based mixture models like the Skew-Normal (SN)
and Skew-t (ST) are much better suited when modelling data with asymmetry, heavy tails, and the presence of
outliers. By adding additional shape/skewness parameters, the SN distribution can provide a more appropriate
density estimation to fit the asymmetric observations, compared to the normal mixtures. The ST distribution
has advantages in modelling data with both asymmetry and heavy tails simultaneously. Compared to the SN
distribution, the ST distribution has extra parameters, degrees of freedom and shape/skewness parameter.
The probability density function, or probability mass function in the discrete case of a finite mixture distri-





where the mixing proportions πi are non-negative and
∑k
i=1 πi = 1, and where the fi’s are the component
densities.When we specify a parametric form fi(yj ; θi) for each component density, we can fit the parametric
mixture model
f(yj ; Ψ) =
K∑
i=1
πifi(yj ; θi) (2.7)
by maximum likelihood with the EM-algorithm. Here Ψ = {π1, π2, ..., πK , ζ} and ζ = {θ1, θ2, ..., θK} is all
the parameters of the mixture model where θi is known a priori to be distinct and fi(yj ; θi) is the j’th component
density for observation yi with parameter vector θi. Assuming that K is fixed, the model parameters Ψ are
usually unknown and must be estimated. The likelihood function corresponding to equation (2.7) is given by
































(logπj + logfj(yj ,Ψj)) (2.9)
Direct maximization of this log-likelihood equation encounter some difficult computations, so the maximum
likelihood estimator is obtained by using the EM-algorithm. The maximum likelihood estimate of Ψ is obtained




where L(Ψ) denotes the likelihood function for the mixture model. Solution of equation (2.10) can be found
by using the Em-algorithm. Once Ψ̂ is obtained, estimates of the posterior probabilities of the population
membership can be formed for each observation to give a probabilistic classification of the data.
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When the components densities are not fixed they have to be inferred from the available data along with
the mixing proportions and the parameters in the specified forms for the component densities. One way of




is as follows. Let Zj be a categorical random variable taking the values 1, ...,K with probabilities π1, ..., πK ,
respectively and suppose that the conditional density of Yj given Zj = i is fi(yj | i = 1, ...,K). Then the
unconditional density of Yj (the marginal density) is given by f(yj). The variable Zj can be thought of as the
component label of the feature vector Yj .
A mixture model is able to model quite complex distributions through an appropriate choice of its compo-
nents to represent accurately to local area of support of the true distribution. It can thus handle situations where
a single parametric family is unable to provide a satisfactory model for the local variations in the unobserved
data. One of the advantages of FM models is that both maximum likelihood method and Bayesian approach
can be applied to not only estimate model parameters, but also evaluate probabilities of subgroup membership
simultaneously .
The optimal number of mixture components selection is an important but difficult problem in FM models.
One approach to determine this is to compare the information criteria, such as Akaike’s Information Criteria
(AIC), Bayesian Information Criteria (BIC) and Sample-Size Adjusted BIC. However, most of these criteria are
very sensitive to sample size, and favour highly parameterized models. Thus, it is suggested that these infor-
mation criteria should be considered with other evidence. For optimal results it is necessary to apply different
criteria simultaneously to determine the optimal number of components for FM models.
2.2.1 Computational aspects and inference
There is a large amount of estimation methods that are being used to estimate the parameters of a finite mixture
model. That include methods such as EM- algorithm with classification EM and stochastic EM, direct numerical
maximization, hybrid approaches, Bayesian methods etc. The question that arises is which estimation method
that should be chosen for the estimation of parameters of a mixture distribution. The most common one is the
EM-algorithm, however, there are several drawbacks in using likelihood approach. The EM algorithm leads to
a local maximum, so in order to find a global maximum, a grid of many different starting points is needed. The
sample size also needs to be very large because the maximum likelihood method is based on the asymptotic
theory.
Another approach that also has gotten a lot of attention is the Bayesian approach. Bayesian sampling
approach is an approach which provides a richer inference than the ML approach in that it can address the
issue of parameter uncertainty through full posterior distribution. Bayesian approach simulates random draws
of parameters from a posterior distribution using Markov chain Monte Carlo (MCMC). MCMC may produce
estimates and credible regions for the parameters without appealing to large sample approximations. Bayesian
method is the only sensible method to use if the number of mixture components is allowed to vary. From a
computational standpoint, simulating draws from the posterior distribution by MCMC is no more difficult than
ML estimation by EM. With MCMC, however, many new issues arise. Maybe the most troubling aspect of
MCMC in a finite mixture framework is that the component labels may switch during an MCMC run.
In this section I will show how parameters is estimated using the EM algorithm. The EM algorithm has three
essential requirements, that is, the choice of reasonable initial values, an iterative algorithm that defines the
new estimates and an appropriate stopping criterion. The EM algorithm consists of two steps, The expectation
step (E-step) and the maximization step (M-step). The basic idea is to associate an incomplete dataset to a
complete dataset, which makes the ML estimation more tractable.
To compute equation 2.10, an unobservable or missing data vector z = (z1, ..., zn) is introduced, where each
zij = (zj)i is a k-dimensional vector of indicator variables that are zero or one according to whether the i’th
observation did or did not arise from the j’th component of the mixture.






zij(logπj + logfj(yj ,Ψj)) (2.11)
7
2.3. HIDDEN MARKOV MODEL CHAPTER 2. LATENT VARIABLE MODELS
The E-step requires averaging logLc(Ψ) over the conditional distribution of z given the observed data vector
y, using the current fit for the vector of unknown parameters Ψ. As logLc(Ψ) is linear in the unobservable data
zij , the E-step simply requires the calculation of the current conditional expectation of Zij given the observed







k)(logπj + logfj(yj ,Ψj)) (2.12)
where
τi(γj ; Ψ
(k)) = EΨ(k)(Zij | y)






is the posterior probability that the j’th observation yj belongs to the i’th component. EΨ(k) denote the
expectation and PΨ(k) denote the probability.
The M-step requires the global maximization of Q(Ψ; Ψk) with respect to Ψ over the paramater space to give
































2.3 Hidden Markov Model
A consistent challenge of financial traders is the frequent behaviour of financial markets. One period can ex-
perience a lot a negative return frequencies, another period can experience a lot a positive return frequencies
while other periods might be relatively stable. These various periods, known as market regimes, lead to ad-
justments of asset returns via shifts in their means, variances/volatilities and autocorrelation, which impact
the effectiveness of time series methods that rely on stationarity. In particular, it can lead to dynamically
varying correlation, excess kurtosis, heteroskedasticity as well as skewed returns. Hidden Markov models have
been widely applied in financial fields due to the features in describing these complex systems of the financial
data analysis and allowing to measure components distribution with several underlying components capturing
the underlying regimes in the data. In other words, hidden Markov models are well suited to this task as
they involve inference on ”hidden” generative processes via ”noisy” indirect observations correlated to these
processes. In this instance the hidden, or latent process is the underlying regime state, while the asset returns
are the indirect noisy observations that are influenced by these states. The theory of this chapter is based on
the following articles/books: Zucchini et al. [2016], Tolver [2016], Jurafsky and Martin [2019], Fosler-Lussier
[1998], Rabiner [1989], Stamp [2018] and Nguyen [2018] which gives a thorough introduction and explanation
on the Hidden Markov model. The texts also provides for further reading.
Before I go into details on the Hidden Markov model, let me first introduce Markov chains, the simplest
Markov model. First of all, a Markov chain is a stochastic process that models the state of a system with a
random variable that changes through time.
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A Markov chain is a discrete-time process were the future behaviour, given the present and the past, only
depends on the present behaviour. All the states before the present state has no impact in predicting the future
behaviour. For example, if we want to predict tomorrow’s weather using a Markov chain, you could only look
at today’s weather and not at the weather in the days before. By definition, the probability that the stochastic
process X of being in a state j depends only on the previous state, and not on any other states that occurred
before that.
P (Xt = j | X1 = i1, ..., Xt−1 = it−1) = P (Xt = j | Xt−1 = it−1) (2.17)
This is the probability that the process X is in state j at time t, given that the previous state was it−1 at
time t− 1. All the other states that happened longer back in time are of no interest
Consider a Markov chain at the discrete time points {0, 1, 2,...}. The Markov chain is characterized by the
three following components.
• A set of states, S = {S1, S2, ..., SN}
• The transition probabilities, pij , between each state. Pij is the probability that the Markov chain is at
the next time point in state j, given that it is at the present time point at state i. The process can remain
in the current state, and this occurs with probability pii
• An initial probability distribution over states. πi is the probability that the Markov chain will start in
state i
The matrix P with elements pij is called the transition probability matrix of the Markov chain. Note that
the definition of the pij implies that the row sums of P are equal to 1. This is because of that the total prob-
ability must equal to 1. A Markov chain is useful tool when we need to compute a probability for a sequence
of observable events. In many cases, however, the events we are interested in are hidden which means we don’t
observe them directly.
That’s where the Hidden Markov model comes into the picture. A Hidden Markov model (HMM) is a stochastic
process where we have an underlying, invisible Markov chain where each state of the Markov chain generates
only one out of K possible observations. These observable output observations are state dependent and visible
to us. So we can say that a HMM is a Markov process that is split into two components, an observable and an
unobservable (hidden) component. The process St which represents the underlying unobserved process of the
HMM fulfils, just as the Markov chain, the Markov property;
P (St = j | S1 = i1, ..., St−1 = it−1) = P (St = j | St−1 = it−1), (2.18)
meaning that the probability of the process S of being in a state j depends only on the previous state it−1.
Let πk = P (S1 = k) be the initial probability of state k, k = 1, ...,K. Let
Pjk = P (St = k | St−1 = j) (2.19)
denote the transition probability, that is, the probability of being in state k at time t given that previous
state was j at time t − 1, We must also have that
∑K
k=1 Pjk = 1 and Pjk > 0. The initial probabilities
πk = (π1, π2, ..., πk) together with the transition probability matrix P, where Pij is the elements of the matrix,
govern the state switching behaviour of the chain. The number of time spent in each state before jumping to
the next state is called the sojourn time. The probability of spending u consecutive time steps in state i under
this model is
di(u) = P (St+u+1 6= i, St+u = i, St+u−1 = i, ..., St+2 = i | St+1 = i, St 6= i)
= Pu−iii (1− Pi)
(2.20)
We call di(u) the sojourn density. Hence the sojourn time is geometrically distributed for any Markov chain,
and the most likely sojourn time for any state is equal to 1. One weakness of the HMM is the lack of adaptability
to different sojourn time distributions, since it is based on a hidden Markov chain whose sojourn times follow
a geometric distribution. This is not always desirable and limits the range of possible applications
One example concerning the HMM is that you can think of Xt as the market price of stock and St as
an unobserved economic factor process that influences the fluctuations of the stock price. We are ultimately
interested in modelling the observed stock price fluctuations, not the fluctuations in the unobservable factor
process. But by including the unobserved process in the calculations we might be able to build a model that
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more precise capture the statistical properties of the observed stock prices. It should be noted that even though
St is a Markov process, typically the observed component Xt would not be a Markov process itself. Hidden
Markov models can thus be used to model non-Markov behaviour (for example the stock price), while retaining
many of the mathematical and computational advantages of the Markov setting
The probability of an output observation, Xt, depends only on the state that produced the observation, St, and
not on any other states or any other observations. Let S = (St, t = 0, ..., T ) denote the sequence of unobserved
random variables, each with a finite state space {1,..., J}, and let X = (Xt, t = 1, ..., T ) denote a corresponding
set of observed random vectors. The process {Xt} represents the state-dependent process of the HMM and
fulfils the conditional (on the hidden states) independence property
P (Xt = xt | X1 = x1, ..., Xt−1 = xt−1, S1 = s1, ..., St = st)
= P (Xt = xt | St = st)
(2.21)
This is called the emission probability. The probability that you will see xt given that at the same time you are
in state st.
The hidden Markov model has the functional form
P (X,S) = P (X | S)P (S)
T∏
t=1
P (Xt | St)
T∏
t=1
P (St | St−t) (2.22)
Given a specific observation sequence we want to calculate, we must first compute the joint probability of being
in a particular hidden state sequence St and generating a particular sequence Xt of observable events. Then we







P (X | S)P (S) (2.23)
For a Hidden Markov model with an observation sequence of T observations and N hidden states, there are NT
possible hidden sequences. In real life situations, even if the length of the sequences N and T are moderate, NT
becomes a very large number. This makes it hard for us to compute the total observation likelihood.
Fortunately there exist a couple of algorithms we can use that makes it easier for us to compute the prob-
ability. The Forward Algorithm, The Backward Algorithm and The Viterbi Algorithm are three of the most
used algorithms to compute the probability of a given observation sequence.
2.3.1 Computational aspects and inference
In many applications of HMM it is difficult to know how to design the transition and observation kernels and
the initial measure to obtain the best result. This is especially true in modelling financial time series models,
where the design of a hidden Markov model should explain in a best way possible the observation process so
the latter possess the desired statistical properties.
It is therefore essential to develop statistical inference techniques which allow us to design and calibrate our
hidden Markov model to match observed real-world data. It should be noted that in this setting we may not
have much, if any, a priori knowledge of the structure of the unobserved process.
For a HMM to be useful in real world application, the following three problems must be solved.
The evaluation problem: we observe a finite number of observations x0, ..., xN , and we wish to find the
probability that the observations is generated by the hidden model.
The Solution to this problem is solved by using the forward algorithm. The forward algorithm is an algorithm
that stores intermediate values in a table as it builds up the probability of the observation sequence. By summing
over the probabilities of all hidden state paths that generates the specific observation sequence, the forward
algorithm computes the observation probability and creates single forward trellis from each of the paths.
Each cell of the forward algorithm trellis αt(j) represents the probability of being in state j after seeing the
first t observations, given the model λ = (A,B, π), where A is the transition probabilities, B is the emission
probabilities and π is the initial probabilities. The value of each cell αt(j) is computed by summing over the
probabilities of every path that could lead us to this cell.
Formally, each cell expresses the following probability:
αt(j) = P (x1, x2, ..., xt, st = j | λ) (2.24)
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where st = j is the t’th state you are at. We compute this probability αt(j) by summing over the extensions





Equation (2.24) extends the previous paths to compute the forward algorithm and consists of three factors.
That is, αt−1(i) the previous forward path probability from the previous time step, aij the transition probability
from previous state si to current state sj and bj(xt) the state observation likelihood of the observation symbol
xt given the current state j.
The same result can be obtained by using the Backward algorithm, given by
βt(i) = P (xt+1, xt+2, ..., xT , st = i | λ) (2.26)
In contrast to the forward probability, the backward probability is the probability of seeing the observations
from time (t+1) to the end (T), given that we are in state i at time t. And as in the case of αt(j) there is a





The decoding problem: we have sequence of observation x0, ..., xN , and wish to find what the most likely
state sequence in the model that produced the observations.
The solution to this problem is solved by using the Viterbi algorithm. The Viterbi algorithm is almost
identical to the forward algorithm, the only difference is the Viterbi algorithm takes the max over the previous
path probabilities whereas the forward algorithm takes the sum.
Each cell of the trellis in the Viterbi algorithm, vt(j), represents the probability that the model is in state j
after seeing the first t observations. It also passes through the most probable state sequence s1, s2, ..., st1, given
the model λ = (A,B, π). The value of each cell vt(j) is computed by recursively taking the most probable path
that could lead us up to that exactly cell. The probability of each cell is given by
vt(j) = max
s1...st−1
P (s1...st−1, x0, x1, ..., xt, st = j | λ) (2.28)
The most probable path is represented by taking the maximum over all possible previous state sequences.
Given that we had already computed the probability of being in every state at time t 1, we compute the Viterbi
probability by taking the most probable of the extensions of the paths that lead to the current cell. For a given






Equation (2.26) extends the previous paths to compute the Viterbi algorithm and consists of three factors.
That is, vt−1(i) the previous Viterbi path probability from the previous time step, aij the transition probability
from previous state si to current state sj and bj(xt) the state observation likelihood of the observation symbol
xt given the current state j.
One additional aspect that makes the Viterbi algorithm differ from the forward algorithm is back-pointers.
In contrast to the forward algorithm that needs to produce an observation likelihood, the Viterbi algorithm
must produce a probability and also the most likely state sequence. This is computed by taking best state
sequence by keeping track of the path of hidden states that led to each state, and then at the end, trace the
best path back to the beginning.
The learning problem: we have a sequence of observations x0, ..., xN and wish to know how to adjust the
parameters in order to maximize the model.
The most common way to obtain the solution to the learning problem is by using the forward-backward
algorithm or the Baum-Welch algorithm, a special case of the EM-algorithm. The algorithm will let us train
both the transition probabilities A and the emission probabilities B of the HMM. To learn the HMM model,
we need to know what states we are in to best explain the observations. Given that the HMM parameters are
fixed we can apply the forward and backward algorithm to calculate α and β from the observations. When
multiplying α and β and then normalize the multiplication, we obtain the probability of state i at time t given
all the observations and the model, this is called the occupation probability γ.
γt(j) = P (st = j | X,λ) =
P (st = j,X | λ)
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We also need the transition probability ξ, that is, the probability of transiting from state i at time t to state
j at time (t+1) given all the observations and the model. This can be computed by α and β similarly
ξt(i, j) = P (st = i, st+1 = j | X,λ) =
P (st = i, st+1 = j,X | λ)





j=1 αt(i)aijbj(xt + 1)bt+1(j)
(2.31)
Now it is possible to describe the Baum-Welch learning process, where parameters of the HMM is updated
in such a way to maximize the quantity P (X | λ). Given the starting model λ = (A,B, π), we can calculate the
α’s and β’s using equations (2.25) and (2.27) respectively and then calculate ξ’s and γ’s using equations (2.30)
and (2.31) respectively. Next step is to update the HMM parameters according to equations (2.32) and (2.33)
















γt(j) means the sum over all t for which the observation at time t was a given symbol
vk from the observation vocabulary. We fix one set of parameters to improve others and continue the iteration




Applications related to Financial Econometrics like risk measurement, pricing of derivatives, margin setting,
and many other financial indicators rely on a suitable modelling of the distributional and temporal properties
of the daily return series of stocks, indices or other assets. The unpredictable behaviour of timeseries makes
it difficult the accurately modelling the properties of financial returns. As said earlier, the stock returns of a
timeseries can be divided into so-called market-regimes. These various periods lead to adjustments of the asset
returns via shift in their means, variances, autocorrelation, excess kurtosis, heteroskedasticity as well as skewed
returns, which impact the effectiveness of time series methods that rely on stationarity. Just as the HMM,
the HSMM been widely applied in financial fields due to the features in describing these complex systems of
financial data analysis, by allowing to measure components distribution with several underlying components
capturing the underlying regimes in the data and by inference on the ”hidden” generative state processes via
”noisy” indirect observations correlated to these state processes.
Rydén et al. [1998] show that a HMM mixing normal variables according to the states of an unobserved
Markov chain reproduces most of the stylized facts for daily return series. However, the analysis of Rydén et al.
[1998], also illustrates that the stylized fact of the very slowly decaying autocorrelation for absolute, or squared,
returns cannot be described by a HMM. The lack of flexibility of a HMM to model the temporal higher order
dependence can be explained by the implicit geometric distributed sojourn time in the hidden states. As an ex-
tension of the HMM, the sojourn time distribution in the HSMM can be explicitly specified by any distribution,
either nonparametric or parametric, facilitating the modelling for the stylised features of stock returns. Bulla
[2013] show that slow decay in the autocorrelation function can be described much better by means of HSMM’s,
while all other stylized facts are equally well or better reproduced. The theory of this chapter is based on the
following articles: Guédon [2003], Bulla [2006], Bulla and Bulla [2006], Bulla [2013], Bulla [2011], Maruotti et al.
[2019], O’Connell and Højsgaard [2011], Narimatsu and Kasai [2019], Cartella et al. [2014], Suda and Spiteri
[2019], O’Connell et al. [2011], Murphy [2012], Zucchini et al. [2016] and Yu [2010]. The texts gives a thorough
explanation on Hidden semi-Markov models, their inference and their applications, as well as further for reading.
To better understand the Hidden semi-Markov model, let me first introduce the semi-Markov model. Let
{Yt} be a homogeneous Markov chain on (1, 2, ...,K), with its transition probability matrix having the special
feature that all its diagonal elements are zero. So in a realization of {Yt}, no two successive values Yt, Yt+1 are
equal. Now allow {Y t}, plus a set of sojourn time distributions di on the positive integers, to generate a new
process {St}, also on (1, 2, ...,K). Each Yt gives rise to a run of ‘S-values’ all equal to Yt. The length of the
run is a realization of the corresponding sojourn time distribution; that is, if Yt = i, the distribution is di. All
sojourn times are independent of each other and of earlier values of Yt.
For example if K = 3 and {Y t} begins with 1, 2, 1, 3, 2, a possible realization of {St} is as follows:
111 | 2 | 1111 | 33 | 22222 | ...
Here the sequences 111 and 1111 arise from two (independent) realizations of d1, 2 and 2222 from two real-
izations of d2, and 33 from d3. The resulting process {St}, which is not in general a Markov process, is called a
semi-Markov process. The probabilities of self-transition in the process {St}, which determine the times spent
in the states, are now implied by the distributions di. In the special case in which all the distributions di are
geometric, {St} will be a Markov process; an HMM is therefore a special case of an HSMM.
A Hidden semi-Markov model (HSMM) is an extension of the HMM by allowing the underlying process
to be a semi-Markov chain, which means that for each state there is a variable duration or a sojourn time.
The duration d of a given state, that is, the time spent in each state which can be seen as probabilities of
self-transitions, is explicitly defined in the HSMM framework. Due to the non-zero probability of self-transition
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of a non-absorbing state, the state duration of an HMM is implicitly a geometric distribution. This makes
the HMM to have limitations in some applications. The HSMM allows one to utilize more flexible sojourn
time distribution. In the HMM only one observation is assumed to be produced by each state, whereas for the
HSMM each state can emit a sequence of observations. The number of observations produced while in state i
is determined by the duration d for that state.
A HSMM consists of a pair of discrete-time stochastic processes {St}, called the unobserved process, and
{Xt}, the observed process. Just like the HMM, the observed process {Xt} is related to the unobserved semi-
Markovian state process {St} by the so-called conditional distributions. Let Xt = {X1, . . . , XT } denote the
observed sequence of length T, let St = {S1, . . . , ST } denote the sequence of unobserved variables and let θ
denote the set of model parameters.
Let πk = P (S1 = k) be the initial probability of state k, k = 1, ...,K.
∑K
k=1 πk = 1. For states j, k ∈ {1, ...,K}
with j 6= k, the transition probabilities are given by
Pjk = P (St = k | St 6= j, St−1 = j), (3.1)
satisfying
∑K
k=1 Pjk = 1 and Pjj = 0.
The diagonal elements of the transition probability matrix (TPM) of a HSMM, which is the sojourn time
of each state, are required to be zero. This is because we separately model the duration of each state and do
not consider the case of absorbing states. The sojourn time distribution, which is associated with each state,
models how long the duration the process {St} is in state j and is defined by
di(u) = P (St+u+1 6= j, St+u−v = j, v = 0, ..., u− 2 | St+1 = j, St 6= j)






The survivor function is the key to extend the original algorithms that say there is a change of state
immediately after the last observation.
The semi-Markovian state process {St} of a HSMM differs from the state process of a HMM by not having
the Markov property at each time t, the HSMM has the Markovian property only at the times of state changes.
For the underlying semi-Markovian process, the change to a future hidden state depends on both the current
state and the time spent on this state.
The observed process {Xt} at time t is related to the state process {St} by the conditional distributions and
represents the state-dependent process of the HMM and fulfils the conditional independence property.
P (Xt = xt | X1 = x1, ..., Xt−t = xt−1, S1 = s1, ..., St = st)
= P(Xt = xt | St = st)
This is called the emission probability and means that the output process at time t only depends on the
value of st. The probability that you will see xt given that at the same time you are in state st. In contrast to
the HMM where each state only emits one observation, the different states in the HSMM framework can emit
several observation per state.
For a given length T of observation sequence (x1, ..., xT ) the length K ≤ T of the state sequence (S1, ..., SK)
is a random variable due to the variable state durations. We do not know in advance how to divide the
observation sequence into K segments corresponding to the state sequence, and let xt be conditioned on which
state variable. A general HSMM is shown in the Figure 3.1 . In the figure, the actual sequence of events is
taken to be:
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Figure 3.1: A General HSMM.
1. The first state j1 and its duration d1 are selected according to the state transition probability a(j0,d0)(j1,d1),
where a(j0,d0) is the initial state and duration. State j1 lasts for d1 = 2 time units in this instance.
2. It produces two observations (x0, x1) according to the emission probability bj1,d1(x1, x2)
3. It transits, according to the state transition probability a(j1,d1)(j2,d2), to state j2 with duration d2.
4. State j2 lasts for d2 = 4 time units in this instance, which produces four observations (x3, x4, x5, x6)
according to the emission probability bj2,d2(x3, x4, x5, x6).
5. (j2, d2) then transits to (j3, d3), and then to (j4, d4) until the final observation xT is produced. The last
state jK lasts for dK time units, where
∑K
k=1 dk = T and T is the total number of observations
3.1 Computational aspects and inference
As a habit for mixture models, we adopt the EM-algorithm to find the maximum likelihood estimates for the
parameters of our model on the basis of the observed time series (x1, ..., xT ). Once the number of latent states
K has been assigned/fixed, the algorithm basically works on the complete-data likelihood. All the derivation of
equations and theory in this chapter is based on the articles: Guédon [2003], Bulla [2006] and Bulla and Bulla
[2006].




0 . The same
convention is used for the state sequence St. The complete set of parameters in the model is denoted by θ. The
likelihood of the complete data, i.e., the observations Xτ−10 as well as the unobserved sequence s
τ−1+u



















The last visited state is left at time τ − 1 + u and therefore the completed state sequence stops at this
time, instead of τ − 1 for algorithms without right-censoring. The contribution of the state sequence to the













where s̃0, ..., s̃r denote the R + 1 states visited by s
τ−1+u
0 . Combining Eqs. (3.3) and (3.4), the likelihood
of the observed sequence can be calculated by summing the complete-data likelihood over all admissible paths.
Compared to the classical likelihood a hidden Markov model, the likelihood function here involves an additional
















denotes the summation over every possible state sequence of length τ , and
∑
τ+ denotes
the sum over every supplementary duration from time spent in the state occupied at time τ − 1. Instead of
the successively visited states, the sojourn times and the outputs emitted in these states, only the outputs are
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observed. Hence, we are faced with an incomplete-data problem and the EM algorithm is a natural candidate
for deriving the nonparametric maximum likelihood estimator
Another algorithm that is widely used for the maximization of the log likelihood of a HSMM model is the
direct numerical maximization (DNM). The difficulty of the maximization of the likelihood of a HSMM model
varies with the component distributions chosen and may in some cases require numerical maximization methods
when an explicit solution is not available, e.g. for the t distribution in Appendix B.2. Direct numerical max-
imization (DNM) has some appealing properties, especially concerning the treatment of missing observations,
flexibility in fitting complex models and the speed of convergence in the neighbourhood of a maximum. The
main disadvantage of this method is its relatively small circle of convergence.
In R, there exists some integrated functions that can be used to carry out DNM and minimize the negative
log-likelihood, namely the nlm() and the optim(). The function nlm() minimize the negative log-likelihood using
a Newton-type algorithm, while the function optim() minimize the negative log-likelihood using the Nelder-Mead
simplex algorithm. Bulla [2006] he said that, in general, the Nelder-Mead algorithm is more stable; however, it
may also get stuck in local minima and is rather slow when compared to the Newton-type minimization. Direct
numerical maximization of the likelihood using Newton-type algorithms generally converges faster than the EM
algorithm, especially in the neighbourhood of a maximum. However, it requires more accurate initial values
than the EM to converge at all.
Another type of algorithm that can be used is the so-called hybrid algortihm, which is a combination of the
EM-algortihm and the DNM. While the EM-algorithm has a slow E-step and a complicated M-step, it is more
stable than the DNM and has a large circle of convergence, and in addition, doesn’t need as accurate starting
values as the DNM. Hybrid algorithms, which are constructed by combining the EM algorithm with a rapid
algorithm with strong local convergence, using e.g. a Newton-type algorithm, yields the stability and tha large
circle of convergence from the EM algorithm along with superlinear convergence of the Newton-type algorithm
in the neighbourhood of the maximum. However, in this paper, we are going to focus on the EM-algorithm.
3.1.1 EM-algorithm
The likelihood of a HSMM given in Eq. (3.5) could be easily evaluated if the state sequence was known.
However, this is not the case and we are hence confronted with a missing data problem. A popular method
of dealing with this type of problem is the expectation maximization (EM) algorithm, an iterative procedure
which increases the likelihood monotonically until it reaches a stationary point. After assigning initial values
to the parameters, the EM algorithm is implemented by successively iterating the following two steps:


















the conditional expectation of the complete-data log-likelihood, where θ(k) denotes the current estimate of
the parameter vector θ.






The two steps are repeated until a stationary point is reached. In our case, the EM algorithm maximizes L(θ)
from Eq. (3.5). Each iteration of the EM algorithm increases L() and, generally, the sequence of re-estimated
parameters θ(k) converge to a local maximum of L()
The main difficulty of the EM algorithm is the E-step. To obtain a mathematically tractable formulation of
the Q-function, the conditional expectation has to be rewritten pathwise. The conditional distribution of the























Hence, the first step is the transformation of the E-step equation (3.6) into
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Secondly, consider the contribution of a specific path to the likelihood of a HSMM given by Eq.(3.4). Adding




















































The four terms in Eq. (3.10) correspond to the initial, the transition, the sojourn time and the observation



















































The re-estimation formulas for these four quantities can be obtained by maximizing each of the terms
separately. The, Eqs. (3.11), (3.12) and (3.14) can be calculated via the dynamic programming method known
as the forward-backward algorithm. As concerns the updating of Eq. (3.13) Guédon [2003] provides a version of
the forward-backward algorithm which is implemented in the mhsmm package O’Connell and Højsgaard [2011]
for R.
3.1.2 Forward-Backward Algorithm
The implementation of the E-step of the EM algorithm is performed by the forward-backward algorithm. It
computes all the re-estimation quantities for all times t and for all states j. The M-step maximizes each of the
terms w.r.t. θ to obtain the next set of initial values for the E-step of the following iteration.
In the case of a hidden Semi-Markov model, the forward-backward algorithm is based on the following
decomposition




P (Xτ−1t+1 = x
τ−1
t+1 | St+1 6= j, st = j)







P (St+1 6= j, St = j | Xt0 = xt0)
= Bj(t)Fj(t)
(3.15)
which expresses the conditional independence between the past and the future of the process at the times
of a state change of the hidden semi-Markov chain. It forms the basis of the forward-backward algorithm
for HSMM’s. In the case of a hidden Markov chain, decomposition (2.31) naturally fits the EM estimate
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requirements while, in the case of a hidden semi-Markov chain, decomposition (3.15) does not directly fit the
EM estimate requirements.
Guédon [2003] developed a powerful estimation algorithm based on the decomposition (3.15). The recursion’s
complexity both in time and in space is similar to that of the forward recursion, which is O(Jτ(J + τ))-time (in
the worst case) and O (Jτ)-space. This means that the computation of Lj(t) = P (St = j | Xτ−10 = x
τ−1
0 ), which
is the forward-backward algorithm for HMM’s, as well as L1j(t) = P (St+1 6= j, St = j | Xτ−10 = x
τ−1
0 ) require
the same complexity. This allows one to fit even long sequences of observations in a reasonable amount of time.
Moreover he relaxes the assumption that the last visited state terminates at the time of the last observation.
The Forward Iteration
The forward iteration involves the computation of the forward-probabilities Fj(t) = P (St+1 6= j, St = j | Xt0 =
xt0) for each state j forward from time 0 to time τ − 1 and can be presented as follows.
The start of the loop at t = 0 can be simplified to






























for all t ∈ {0, ..., τ − 2} and j ∈ {0, ..., J − 1}, where Nt = P (Xt = xt | Xt−10 = x
t−1
0 ) is a normalizing factor.
For time τ − 1 and j ∈ {0, ..., J − 1}, the forward iteration can be rewritten as:




























The exact time spent in the last visited state is unknown, only the minimum time spent in this state is known.
Therefore, the probability mass functions of the sojourn times in state j of the general forward recursion formula
(3.17) are replaced by the corresponding survivor functions in (3.2).
The normalizing factor Nt is directly obtained during the forward recursion. We obtain, t ∈ {0, ..., τ − 1}:



































The backward iteration consists of computing Lj(t) = P (St = j | Xτ−10 = x
τ−1
0 ) for each state j backward from
time τ − 1 to time 0. The backward iteration is initialized for t = τ − 1 by, j = (0, ..., J − 1):
Lj(τ − 1) = P (Sτ−1 = j | Xτ−10 = x
τ−1
0 ) = Fj(τ − 1)
The key point in this step lies in rewriting the quantity Lj(t) as a sum of three terms:
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Lj(t) = P (St = j | Xτ−10 = x
τ−1
0 )
= P (St+1 6= j, St = j | Xτ−10 = x
τ−1
0 )
+ P (St+1 = j | Xτ−10 = x
τ−1
0 )
− P (St+1 = j, St 6= j | Xτ−10 = x
τ−1
0 )






























The third term in (3.20), for for t ∈ {τ − 2, ..., 0} and J ∈ {0, ..., J − 1}, is given by























The computation of Lj(t) may appear at first sight relatively intricate but, in fact, the computations of
L1j(t) = P (St+1 6= j, St = j | Xτ−10 = x
τ−1
0 ) in (3.21) and P (St+1 = j, St 6= j | X
τ−1
0 ) in (3.22) may easily be
performed by introducing the following auxiliary quantities:








dj(u), u = 1, ..., τ − 2− t, (3.23)






Dj(τ − 1− t) (3.24)
and
Gj(t+ 1) =
P (Xτ−1t+1 = x
τ−1
t+1 | St+1 = j, St 6= j)
P (Xτ−1t+1 = x
τ−1
t+1 | Xt0 = xt0)
(3.25)












P (Xτ−1t+1 = x
τ−1
t+1 | St+1 = j, St 6= j)
P (Xτ−1t+1 = x
τ−1
t+1 | Xt0 = xt0)






Because, for each t < τ − 1, L1j(t) = Bj(t)Fj(t), the backward recursion based on Bj(t) is directly deduced
from (3.21)
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The second step of the EM-algorithm consists of a re-estimation of the parameters of the hidden semi-Markov





The re-estimation of the parameters is obtained by maximizing the different terms of the M-step, Q(θ | θk.
We showed that Q(θ | θk could be decomposed into four terms, each term depending on a given subset of θ. In
the following, we derive the re-estimation formula for each parameter subset by maximizing the terms (3.11),
(3.12), (3.13) and (3.14). The re-estimation formula for the initial parameters is given by




0 | θ(k)) = Lj(0) (3.29)
The re-estimation formula for the transition probabilities can be written as
P k+1ij =
∑τ−2















The numerator in equation (3.30) is directly extracted from the computation of L1j(t), equation (3.26).






























For the second equality in term (3.31), u ≤ τ − 2− t is directly extracted from the computation of Lj(t)
P
(








while for u > τ − 2− t, we obtain
P
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The term in (3.31) corresponding to the time spent in the initial state requires some supplementary compu-
tation at time t = 0,
u ≤ τ − 1
20
3.1. COMPUTATIONAL ASPECTS AND INFERENCECHAPTER 3. HIDDEN SEMI-MARKOV MODEL
P
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u > τ − 1
P
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L1j(t) + Lj(τ − 1)














t=0 L1j(t) + Lj(τ − 1)
(3.32)


















t=0 Lj(t)I(xt = y)∑τ−1
t=0 Lj(t)
(3.33)
All the quantities involved in the re-estimation formulas (3.29) (3.30) (3.32) (3.33) are directly extracted from
the backward recursion. There are only a few additional computation that should be noted, the computation
concerning the contributions at time t=0 and the contributions of the time spent in the last visited state to the
re-estimation quantities of the state occupancy distributions.
3.1.4 Viterbi Algorithm
Given a model, we are interested in the most likely sequence of states, given the sequence of observations.
That is, we wish to find the sequence of states that maximizes P (S | X, θ). Calculating P (S | X, θ) for every
possible state sequence is not computationally feasible. A dynamic programming technique known as the Viterbi

























t+1 | St+1 6= st, St = st)
× max
s0,...,st−1
P (St+1 6= j, St = j | St0 = st0, Xt0 = xt0)
) (3.34)
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t+1 | St+1 6= j, St = j)αj(t)
) (3.35)
Based on the decomposition of equation (3.35), we can build the following recursion t = 0, ..., τ − 2; j =
0, ..., J − 1
αj(t) = max
s0,...,st−1


























The right censoring of the sojourn time in the last visited state makes particular the case t = τ − 1 and
j = 0, ..., J − 1
αj(τ − 1) = max
s0,...,sτ−2
































In this chapter I will introduce the different distributions to be used in the HSMM framework. The distributions
that I will cover in this paper is the Normal distribution, the Skew-Normal distribution, the T-distribution and
the Skew-t distribution. The theory in this chapter is based on the following articles: Fama [1965], Blattberg
and Gonedes [1974], Eling [2012] and Davis [2015].
4.1 Symmetric Distributions
4.1.1 The Normal Distribution
Figure 4.1: Normal distribution













where the parameter µ is the mean or expectation of the distribution and σ is the standard deviation.
The Normal distribution is a probability distribution with two parameters, mean and sigma, and is symmetric
about the mean and shaped like a bell curve. The data near the mean are more frequent in occurrence then
data far from the mean. About 68 percent of the observations are within one standard deviation away from
the mean; about 95 percent of the observations lie within two standard deviations; and about 99.7 percent
are within three standard deviations, so three standard deviations cover all but 0.27 percent of the data. The
Normal distribution is therefore not appropriate when the model have outliers, values that lie many standard
deviations away from the mean. In such cases models with heavier tails is more appropriate. Normal distribution
is an appropriate choice when the observations are assumed to be normal.
In finance, the use of normal distribution is a convenient simplification because of the simplicity in the
approach and to develop the basic theoretical structure. However, real life data rarely follow a perfect normal
distribution. The aspect of non-normality with skewness and kurtosis of financial market returns makes the
normal distribution unable to capture the essence of the data.
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4.1.2 T-distribution
Figure 4.2: T-distribution with κ = kurtosis
The t-distribution is a symmetric and bell-shaped distribution just like the normal distribution. The difference
is that the t-distribution is leptokurtic, and so has higher kurtosis than the normal distribution, which means
that it has heavier tails. The probability of getting values very far from the mean is larger with a t-distribution
than a normal distribution. Because the t-distribution has heavier tails than a normal distribution, it can be
used as a model for financial returns that exhibit excess kurtosis. This will allow for a more realistic calculation
of different risk measures, such as Value at Risk and Expected Shortfall
The kurtosis is determined by a parameter called degrees of freedom (df). Small values of df gives heavier
tails, and higher values makes the t-distribution resemble a standard normal distribution.










where ν is the number of degrees of freedom and Γ is the gamma function.
4.2 Skew-Elliptical Distributions
A lot of financial theory is based on the assumption that the probability distribution of asset returns is normal
distributed. However, many papers indicate that this assumption is not supported, and that models based on
this assumption fail to satisfy and fit real-world data. The Normal distribution, which is centred around a zero
mean and with perfect symmetry, is an inadequate model for asset returns where the presence of fat tails and
asymmetry has been widely reported.
Therefore, skew-elliptical distributions such as the skew-normal and the skew t-distribution might be promis-
ing since they preserve the advantages of the normal and the t-distribution and also have the benefit of flexibility
with regard to skewness and kurtosis.
4.2.1 Skew-Normal Distribution
Figure 4.3: Skew-N distribution with δ = skewness
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A continuous random variable X has a skew-normal distribution if its probability density function has the form:
f(x) = 2φ(x)Φ(αx) (4.3)


















where erf is the error function. Equation (4.3) is called the skew normal distribution with shape parameter
δ, X ∼ SN(0, 1, α). The parameter δ determines the skewness of the distribution. Higher positive values of
δ implies a more right-skewed distribution, and negative values of δ implies a more left-skewed distribution.
When the shape parameter, α = 0, the skew normal distribution reduces to a standard normal distribution.
The skew normal distribution extends the normal distribution in that it can extend the range of available
skewness. This makes the skew-normal distribution more appropriate when modeling data with skewness,
such as asset returns. However the range of potential skewness is still limited as it only can take values of
skewness from -1 to 1. The skew t-distribution, however, can take values of skewness more extreme to that of
a skew-normal distribution.
4.2.2 Skew T-Distribution
Figure 4.4: Skew-T distribution with δ = skewness, and κ = kurtosis
The skew t-distribution allows regulating both the skewness and kurtosis of a distribution. This attribute is
particularly useful in empirical applications when we want to consider distributions with higher kurtosis than
the normal distribution and higher skewness than the skew normal distribution, which is often the case in
finance applications.





where W ∼ χ2(ν) with ν degrees of freedom and Z is an independent SN(0, 1, α).
Compared to the skew normal distribution, the skew t-distribution can take more extreme values of both





In the financial world, the goal of investing is to make profit. The profit of the investment depends upon three
factors, the changes in price market, the amount invested, and the amount of assets being held in the portfolio.
In order to do a proper analysis of our investment data, we need to convert the price data into values, that is,
return values, which further can be modelled by a statistical distribution. If we want to apply the machinery of
statistical inference and the probability distribution to our return values, we must make the assumption that the
returns are stationary, which means that the statistical properties of the process generating the time series does
not change over time. The statistical properties of the future returns such as mean, variance, auto-correlation,
etc. are all constant over time, when the stationarity assumption is present. Without this assumption the
uncertainty is much harder to measure, thus Finance, is a grey zone between measurable and unmeasurable
uncertainty.
In this section I will introduce some of the most common return measures in the context of financial analysis.
The theory in this chapter is based on the article/textbooks Ruppert and Matteson [2015], Brockwell and Davis
[2002], Palachy [2019] and Greunen [2011] which offers a thorough introduction in financial returns, stationarity
and time series analysis. The texts also provide references for further reading.
5.1 Net-return
Let Pt be the price of an asset at time t. Assuming no dividends, the net return over the holding period from








where Pt is the price of the financial instrument at time t. The numerator, PtPt1, is the profit during the
holding period, with negative profit meaning a loss. The denominator, Pt−1, is the initial investment at the
start of the holding period, and therefore, the net-return can be viewed as the relative revenue or profit rate.
Based on the returns at time t, the aggregation of daily returns over the period k can be expressed as the
product of single-period net returns. Based on the returns at time t, we can merge the daily returns over the
period k and express it as the product of a single period net return. Let us consider the case of the returns to

















The simple gross return is defined as
Pt
Pt−1
= 1 +Rt (5.3)
The gross-returns are scale-free, meaning that they do not depend on units, although they depend on the
unit of time t. The gross return over k periods is the product of the k single-period gross returns from time t
to time t+ k
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Log returns, also called continuously compounded returns, are denoted by rt and defined as
rt = log(1 +Rt) = log(
Pt
Pt−1
) = log(Pt)− log(Pt−1) = pt − pt−1 (5.5)
where pt = log(Pt) is called the ”log-price”, and rt = log(Pt) − log(Pt−1) correspond to the log-return
differences of the asset prices at time t. Since returns are smaller in magnitude over shorter periods, we can
expect net-returns and log-returns to be similar for daily returns, less similar for monthly returns, and not
necessarily similar for longer periods such as many years. The net-return and log-return have the same sign,
though the magnitude of the log-return is smaller than that of the return if they are both positive, or larger
if they are both negative. One advantage of using log-returns is simplicity of multiperiod returns. A k-period
log-return is simply the sum of the single period log-returns, rather than the product as for net-returns. Let us
consider the case of the log-returns of an investment made in time t until time t+ k. In this case, we define the
simple multi-period log-return as
rt(k) = log{1 +Rt(k)}
= log{(1 +Rt)(1 +Rt+1) · · · (1 +Rt+k)}
= log(1 +Rt) + log(1 +Rt+1) + · · ·+ log(1 +Rt+k)





5.4 Adjustment for dividends
Many stocks, especially those of mature companies, pay dividends that must be accounted for when computing
















If there is no dividend between time t − 1 and time t, Dt = 0. The multi-period net-return from time t to
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) + · · ·+ log(Pt+k +Dt+k
Pt+k−1
)
= log(1 +Rt) + log(1 +Rt+1) + · · ·+ log(1 +Rt+k)






The terms non-stationary and stationary form a fundamental part of time series analysis. In the most intuitive
sense, stationarity means that the statistical properties of a process generating a time series does not change
over time. It does not mean that the series does not change over time, just that the way it changes does not
itself change over time. Investigating time series data for the purpose of obtaining significant properties will
be meaningless if the data are non-stationary or cannot be transformed to be stationary. Using non-stationary
time series data in financial models produces unreliable and spurious results and leads to poor understanding
and forecasting. The solution to the problem is to transform the time series data so that it becomes stationary.
Capturing and examining the properties of financial time series, therefore, requires that univariate financial
time series are stationary.
Definition 5.5.1. Let {Xt} be a time series with E(Xt) <∞. The mean function of {Xt} is.
µX(t) = E(Xt) (5.13)
The covariance function of {Xt} is
γX(r, s) = cov(Xr, Xs) = E[(Xr − µX(r))(Xr − µX(r))] (5.14)
for all integers r and s.
Definition 5.5.2. Weak stationarityy. {Xt} is weakly stationary if
(i) µX(t) is independent of t, and
(ii) γX(t+ h, t) is independent of t for each h.
Definition 5.5.3. Strick stationarity. {Xt} is a strictly stationary time series if
Fx(X1, ..., Xn) = Fx(X1+h, ..., Xn+h) (5.15)
for all integers h and n ≥ 1. The two random vectors have the same joint distribution function.
Strict stationarity is the most common definition of stationarity, and it is commonly referred to simply as




Financial risks are often related to as unpredictable movements in financial variables. These unpredictable
movements can be negative development in financial markets which often is the reason for losses in portfolios
and/or assets. The measure of potential losses in both portfolios and assets is considered a large proportion
of risk management. In order to measure these potential losses, estimates of future volatility is a necessity.
In the financial world there are many approaches to estimate these volatilities, and the simplest approach is
the historical standard deviation. Volatility clustering tends to follow a certain trend or pattern, large changes
tends to be followed by large changes of either sign, and small changes tends to be followed by small changes.
In the financial world, there are four main types of risks, namely:
1. Market risk – risk that arises due to movement in prices of financial instruments. Market risk can be
classified into two types, Directional risk, which is caused due to movement in stock price and interest
rates, and Non-Directional risk which is caused by volatility risks.
2. Credit risk – risk that arises when one party fails to fulfil their obligation towards their counterparties.
Credit risk can be classified into two types. Sovereign Risk, which usually arises due to difficult foreign
exchange policies, and Settlement Risk which arises when one party makes the payment while the other
party fails to fulfil the obligation.
3. Liquidity risk – risk that arises due to inability to execute transactions. Liquidity risk can be classified
into Asset Liquidity Risk and Funding Liquidity Risk. Asset Liquidity risk arises either due to insufficient
buyers or insufficient sellers against sell orders and buys orders respectively. Funding liquidity risk is the
risk that a bank will be unable to pay its debts when they fall due. In simple terms, it is the risk that the
bank cannot meet the demand of customers wishing to withdraw their deposits.
4. Operational risk - risk that arises out of operational failures such as mismanagement or technical failures.
Operational risk can be classified into Fraud Risk, which arises due to the lack of controls, and Model
risk, which arises due to incorrect model application.
All of these types of risk can be measured by the widely used Value at Risk (VaR) and Expected Shortfall
(ES). Value at Risk is considered as the standard risk measure by financial investors, and it’s the most used
risk measure. Let’s denote the value of an asset at time t by Xt, and assume that the random variable Xt is
observable at time t. For a given time frame ∆, the asset return over period [∆t,∆t+k] can be expressed as
Gt+` := G[∆t,∆t+ell]=(Xt+`−Xt) (6.1)
The loss of the asset over the same period can be expressed as
Lt+` := L[∆t,∆t+`] = −(Xt+` −Xt) (6.2)
L[∆t,∆t+`] is observable at time ∆t+k, and is the loss distribution of our investment. In risk management,
we are mainly concerned with the probability of large losses, hence the probability of the upper tail of the loss
distribution. The random variables Xt and Xt+k represents the asset value at time t and time (t+k) respectively,
and Lt+k represents the loss from this given investment. The theory in this chapter is based on the following
articles: Ruppert and Matteson [2015], Kenton [2019], McNeil et al. [2005] Chen [2020]. The texts also provides
for further reading.
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6.1 Value at Risk
Value at risk (VaR) is a statistic that measures and quantifies the level of financial risk within portfolio or
position over a specific time frame. VaR is defined as the maximum amount of money expected to be lost over
specific period of time, at a pre-defined confidence level.
VaR determines the potential for loss and what the corresponding probability of occurrence for that defined
loss is for an entity being assessed. For a VaR measure you have to take into consideration the amount of
potential loss, the probability of occurrence for the specific loss and a specific period of time Let’s say a financial
institution has calculated that an asset return has a 5% value at risk of 3%. This means that there is a 5%
chance that the asset will decline by 3% given a specific time frame. VaR is widely used by financial institutions
to measure and control the level of risk exposure, where they can apply VaR calculations to either positions or
whole portfolios. However, several problems may occur when using VaR to measure the level of financial risk.
For example, let’s say you calculate VaR and using statistics pulled arbitrarily from a period of low volatility,
this may underestimate the potential for risk events to occur and the magnitude of those events. One other
example is by using the normal distribution probabilities which doesn’t account for outliers or extreme events.
Definition 6.1.1. Consider a risky asset and a fixed time horizon ∆. Denote FL(`) = P (L ≤ `) and the
confidence level α ∈ (0, 1). Consider L as the loss over the holding period ∆, then for any loss distribution,
V aRα is the α
th upper quantile of L. Hence,
V aRα = inf{` ∈ R : P (L ≤ `) ≤ (1− α)} = inf{` ∈ R : FL(`) ≥ α} (6.3)
is simply the maximum expected loss of a portfolio over the time horizon ∆ with certain confidence level α,
where R is all the real numbers
In the HSMM framework you assign the data to a specific state, done by the mhsmm package in R, based
on the chosen model with combinations of emission distribution and sojourn distribution. In this case, the
emission distributions are the normal distribution, the t-distribution, the skew normal distribution and the
skew t-distribution, and the sojourn distributions are the shifted Poisson and the Gamma distribution. Each
of these models will assign the asset returns to different states. Separately, you calculate the VaR for each of
these states and then multiply it with the weight of the state. When you combine the VaR for each state you
have the VaR for the whole dataset for the given time frame.
6.2 Expected Shortfall
Conditional value-at-risk (CVaR) also known as the expected shortfall (ES), is the extended risk measure of
value-at-risk and quantifies the average loss, over a specified time period, just as the VaR, but beyond a given
confidence level. It is a risk assessment measure that quantifies the amount of tail risk in an investment portfolio
or a position.
CVaR is derived by taking a weighted average of the “extreme” losses in the tail of the distribution of
possible returns, beyond the value at risk (VaR) threshold. While VaR represents a worst-case loss associated
with a probability associated with that loss and a time horizon, CVaR is the expected loss if that worst-case
threshold is ever crossed. CVaR measures the expected losses that occur beyond the VaR threshold. The use
of CVaR as opposed to VaR leads to a more risk-free approach in terms of risk exposure. The choice between
VaR and CVaR is not always clear, but volatile and engineered investments can benefit from CVaR as a check
to the assumptions imposed by VaR.








where qu(FL is the quantile function of FL.







which is the average of VaR over all levels of u ≥ α and thus look further into the tail of the loss distribution.
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Chapter 7
Extenstion of the mhsmm Package in R
In the analysis we have used the mhsmm package, developed by O’Connell and Højsgaard [2011], in the procedure
of estimating model parameters and inference. The mhsmm package in R performs statistical inference in both
hidden Markov models and hidden semi-Markov models. One of the main features of the mhsmm package is
that it is designed to allow specification of custom emission distributions. If the user can provide a density
function for the emission distribution and an implementation of a M-step (maximization step) for the emission
distribution, the user may use their own custom emission distribution. In our case, we are going to use 4
different emission distributions not provided in the mhsmm package. The distributions are as follows: the
Normal distribution, the skew-Normal distribution, the T-distribution and the skew-T distribution. The theory
in this chapter and the expansion of the custom emission distribution is based on the article O’Connell and
Højsgaard [2011].
Let’s start by showing how a HSMM model is defined in the mhsmm package. This example is a HSMM
with T-ED, Gamma SD and K=3 states.
1 J <− 3
2 i n i t i a l <− c (1 /J , 1/J , 1/J )
3 B T <− l i s t (mu = c ( 0 . 3 , 0 . 5 , 1) , sigma = c (1 , 1 . 2 , 1 . 4 ) , nu = c (5 , 5 , 5) )
4 d T <− l i s t ( s c a l e = c (10 , 10 , 10) , shape = c (1 , 1 , 1) , type = ”gamma” )
5 model T <− hsmmspec ( i n i t i a l ,
6 t r a n s i t i o n = matrix ( c (0 , 0 . 5 , 0 . 5 , 0 . 5 , 0 , 0 . 5 , 0 . 5 , 0 . 5 , 0) ,
7 byrow = T, nco l=3) ,
8 parms . emis = B T,
9 so journ = d T,
10 dens . emis = dTF.hsmm)
11 hsmm T <− hsmmfit (x , model T, mstep = mstep .TF, maxit = 500)
J is the number of states, initial is the initial distribution, parms.emis = B T is the emission distribution pa-
rameters, sojourn = d T is the sojourn distribution parameters, transition is the transition probability matrix,
dens.emis is the density function for the emission distribution and mstep is the M-step of the EM-algortihm. The
hsmmspec() function specifies the starting values for the EM-algorithm and the hsmmfit() function implements
the EM-algorithm. The function hsmmfit() estimates the parameters, and the updated parameters is then used
in the hsmmspec() function once more. This gives a more precise result, and the EM-algorithm converges faster.
The T emission distribution. The dTF.hsmm is the custom density function for the emission distribution,
in this case the T-distribution. The dTF.hsmm calculates the densities for the observation vector x, given
state j for the model, where the model is a hmmspec() or hsmmspec() class. This class contains an emission
distribution list which should have the relevant parameters for the specific emission distribution. In this case the
T-distribution, where the parameters is µ, σ and ν, where ν is the degrees of freedom and govern the kurtosis
of the distribution. Inside the dTF.hsmm function we have dTF function from the gamlss package which let us
define the density of the T-distribution.
1 dTF.hsmm <− f unc t i on (x , j , model )
2 dTF(x , mu = model$parms . emis s ion $mu [ [ j ] ] ,
3 sigma = model$parms . emis s ion $sigma [ [ j ] ] ,
4 nu = model$parms . emis s ion $nu [ [ j ] ] )
The mstep.TF is the M-step for the emission distribution. The Function for the M-step takes two arguments,
x, the vector (or dataframe) of the observed data, and wt which is a TxK matrix representing the values in
eq (3.14). The return values is a list corresponding to the $emission slot in a hmmspec or hsmmspec object.
In order to make the mstep.TF function work for the T emission distribution, we have to define the TF as a
gamlss.family object using the function gamlss() inside the mstep.TF function.
1 mstep .TF <− f unc t i on (x , wt ) {
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2 emis s ion <− l i s t (mu = l i s t ( ) , sigma = l i s t ( ) , nu = l i s t ( ) )
3 f o r ( i in 1 : nco l (wt ) ) {
4 tmp <− gamlss ( x˜ 1 , fami ly = ”TF” , weights = wt [ , i ] )
5 emis s ion $mu [ [ i ] ] <− tmp$mu. fv [ 1 ]
6 emis s ion $sigma [ [ i ] ] <− tmp$sigma . fv [ 1 ]
7 emis s ion $nu [ [ i ] ] <− tmp$nu . fv [ 1 ]
8 }
9 emis s ion
10 }
For the skew-T emission distribution we created the density function dST.hsmm. Just as for the
dTF.hsmm, the dST.hsmm function calculates the densities for the observation vector x, given state j for the
model, where the model is a hmmspec() or hsmmspec() class. Inside the dST.hsmm function we have the dST1
function from the gamlss package. The function dST1() defines the Skew T Type 1 density, a four parameter
density, for a gamlss.family object to be used in GAMLSS fitting using the function gamlss(), with parameters
µ, σ, ν and τ
1 dST .hsmm <− f unc t i on (x , j , model )
2 dST1(x , mu = model$parms . emis s ion $mu [ [ j ] ] ,
3 sigma = model$parms . emis s ion $sigma [ [ j ] ] ,
4 nu = model$parms . emis s ion $nu [ [ j ] ] ,
5 tau = model$parms . emis s ion $ tau [ [ j ] ] )
The mstep.ST is the M-step for the skew-T emission distribution. Just as for the mstep.TF, the mstep.ST
function for the M-step takes two arguments, x, the vector (or dataframe) of the observed data, and wt which
is a TxK matrix representing the values in eq (3.14). In order to make the mstep.ST function work for the
skew-T emission distribution, we have to define the ST1 as a gamlss.family object using the function gamlss()
inside the mstep.SN function.
1 mstep .ST <− f unc t i on (x , wt ) {
2 emis s ion <− l i s t (mu = l i s t ( ) , sigma = l i s t ( ) , nu = l i s t ( ) , tau = l i s t ( ) )
3 f o r ( i in 1 : nco l (wt ) ) {
4 tmp <− gamlss ( x˜ 1 , fami ly = ”ST1” , weights = wt [ , i ] )
5 emis s ion $mu [ [ i ] ] <− tmp$mu. fv [ 1 ]
6 emis s ion $sigma [ [ i ] ] <− tmp$sigma . fv [ 1 ]
7 emis s ion $nu [ [ i ] ] <− tmp$nu . fv [ 1 ]
8 emis s ion $ tau [ [ i ] ] <− tmp$tau . fv [ 1 ]
9 }
10 emis s ion
11 }
For The Normal emission distribution there already exist a density function for the emission distribution
and a M-step function for the emission distribution that works for both hidden Markov models and hidden semi-
Markov models. However, we tried to create a new density function and M-step function based on the gamlss
package for the Normal distribution to see how it performed. Just as for the dTF.hsmm, the dnorm.hsmm
function calculates the densities for the observation vector x, given state j for the model, where the model is
a hmmspec() or hsmmspec() class. The dnorm function inside the dnorm.hsmm function is a Normal density
function which let us define the density of the Normal distribution.
1 dnorm .hsmm <− f unc t i on (x , j , model )
2 dnorm(x , mean = model$parms . emis s ion $mu [ [ j ] ] ,
3 sd = model$parms . emis s ion $sigma [ [ j ] ] )
The mstep.NORM is the M-step for the Normal emission distribution. Just as for the mstep.TF, the
mstep.NORM function for the M-step takes two arguments, x, the vector (or dataframe) of the observed data,
and wt which is a TxK matrix representing the values in eq (3.14).
1 mstep .NORM <− f unc t i on (x , wt ) {
2 emis s ion <− l i s t (mu = l i s t ( ) , sigma = l i s t ( ) )
3 f o r ( i in 1 : nco l (wt ) ) {
4 tmp <− gamlss ( x˜ 1 , fami ly = ”NO” , weights = wt [ , i ] )
5 emis s ion $mu [ [ i ] ] <− tmp$mu. fv [ 1 ]
6 emis s ion $sigma [ [ i ] ] <− tmp$sigma . fv [ 1 ]
7 }
8 emis s ion
9 }
The mstep.NORM performed well compared to the already existing mstep.norm function in the mhsmm
package, as the EM-algorithm used less iteration to converge, while both gave the same log-likelihood value.
For the skew-N emission distribution we created the density function dSN.hsmm. Just as for the
dTF.hsmm, the dSN.hsmm function calculates the densities for the observation vector x, given state j for the
model, where the model is a hmmspec() or hsmmspec() class. Inside the dSN.hsmm function we have the
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dSN1 function from the gamlss package. The function dSN1() defines the Skew Normal Type 1 density, a three
parameter density, for a gamlss.family object to be used in GAMLSS fitting using the function gamlss(), with
parameters µ, σ, ν.
1 dSN .hsmm <− f unc t i on (x , j , model )
2 dSN1(x , mu = model$parms . emis s ion $mu [ [ j ] ] ,
3 sigma = model$parms . emis s ion $sigma [ [ j ] ] ,
4 nu = model$parms . emis s ion $nu [ [ j ] ] )
The mstep.SN is the M-step for the skew-N emission distribution. Just as for the mstep.TF, the mstep.SN
function for the M-step takes two arguments, x, the vector (or dataframe) of the observed data, and wt which
is a TxK matrix representing the values in eq (3.14). In order to make the mstep.SN function work for the
skew-N emission distribution, we have to define the SN1 as a gamlss.family object using the function gamlss()
inside the mstep.SN function.
1 mstep .SN <− f unc t i on (x , wt ) {
2 emis s ion <− l i s t (mu = l i s t ( ) , sigma = l i s t ( ) , nu= l i s t ( ) )
3 f o r ( i in 1 : nco l (wt ) ) {
4 tmp <− gamlss ( x˜ 1 , fami ly = ”SN1” , weights = wt [ , i ] )
5 emis s ion $mu [ [ i ] ] <− tmp$mu. fv [ 1 ]
6 emis s ion $sigma [ [ i ] ] <− tmp$sigma . fv [ 1 ]
7 emis s ion $nu [ [ i ] ] <− tmp$nu . fv [ 1 ]
8 }





The empirical analysis employ a sample data in total of 2127 trading days, and consists of daily closing prices
of a number of stocks. The data sets analyzed in this thesis are listed in Table 8.1, respectively.
1. SP500 or The S&P500 comp. Index is an American stock market index that measures the stock perfor-
mance of 500 large companies listed on stock exchanges in the United States.
2. The ESTX50 or EURO STOXX 50 is a stock index of Eurozone stocks and it is made up of fifty of the
largest and most liquid stocks
3. The FTSE All-Share Index, originally known as the FTSE Actuaries All Share Index, is a capitalisation-
weighted index, comprising around 600 of more than 2,000 companies traded on the London Stock Ex-
change.
Table 8.1: Data sets considered.
Name Source N Time period
(1) SP500 Datastream 2127 01.11/2008 - 06.22/2016
(2) ESTX50 Datastream 2127 01.11/2008 - 06.22/2016
(3) FTSE Datastream 2127 01.11/2008 - 06.22/2016
Table 8.1 lists the data and its sources, where N denotes the total number of daily observations within the data set. The
last column represents the time line available for each data index.
We restrict the timeline for all assets to the period from 01.11/2008 to 06.22/2016, due to data computational
reasons. The presentation of our empirical results is structured as follows; section 8.1 is descriptive statistics,
section 8.2 is model selection and section 8.3 is the empirical analysis with four subsections, (8.3.1) VaR and ES
calculation in the HMM and HSMM framework, (8.3.2) Component distribution analysis, (8.3.3) Sylized facts
anaysis and (8.3.4) in-sample analysis.
8.1 Descriptive statistics
The analysis aim in the first section to identify statistical properties of our data, and therefore the data must
be transformed into returns. The returns are defined as the change in the natural logarithm of each market’s
index price (see eq.(5.5)), where Pt is the index closing price from Datastream. The daily returns for the entire
period for all the datasets are shown in Figure 8.3, and the descriptive statistics are shown in Table 8.2
Table 8.2 presents descriptive statistics for all three datasets. In the table we have number of observations,
minimum and maximum values, 25% and 75% quantiles, median, mean, standard deviation, variance, skewness
and kurtosis. We also present the 95% and 99% Value at Risk as well as 95% and 99% Expected Shortfall, also
called Conditional Value at Risk. Notice that the mean and the median for all three datasets are approximately
equal to zero which means that the highest probability of the next stock return will also be approximately equal
to zero. The standard deviation is a measure of spread. A low sd tells us that the data is closely clustered
around the mean, and a big sd tells us that the data are more spread out. In our case, the standard deviations
varies from 1.295495 − 1.609765 which and means that 68% of the observations, and future observations most
likely, will fall into this interval, that is 0− 1.609765 (for ESTX50).
Further, it is often valuable when evaluating an investment to know whether the instrument we examine
follow a normal distribution or has some skewness present. From our summary statistics in 8.2, we notice that
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there is some skewness presents in all three datasets, which means that the form of the distribution deviates a
little bit from a perfect bell-shaped curve. In general, if the skewness is inside the range of the interval [0.5, 0.5],
the distribution is approximately symmetric. If the skewness lies in between [−1,−0.5] or [0.5, 1], the distribution
is moderately skewed, and if skewness is outside the interval [1, 1], the distribution is highly skewed. Hence,
skewness measures the degree of asymmetry in the return distribution, whereas positive skewness indicates that
more of the returns are positive, and negative skewness indicates that more of the returns are negative. An
investor should in most cases prefer a positively skewed asset to a similar asset that has a negative skewness.
Table 8.2: Descriptive statistics of SP500, ESTX50 and FTSE
SP500 ESTX50 FTSE
Observations 2127 2127 2127
Minimum -9.4695 -8.2078 -9.2645
Maximum 10.957 10.437 9.3842
25% Quantile -0.4849 -0.7981 -0.5721
Meadian 0.0635 0.0006 0.0101
75% Quantile 0.6047 0.8553 0.6296
Mean 0.0180 -0.0022 -0.0008
SD 1.3795 1.6097 1.2954
Variance 1.9031 2.5913 1.6783
Skewness -0.3037 0.0855 -0.0635
Kurtosis 9.6155 4.3563 7.4288
95% Value at Risk -2.1061 -2.5568 -2.109
99% Value at Risk -4.3662 -4.8034 -3.4909
95% Expected Shortfall -3.4672 -3.7932 -3.1076
99% Expected Shortfall -6.0059 -5.7619 -5.1742
Table 8.2 provides the summary of the descriptive statistics for SP500, ESTX50 and FTSE. Summary statistics: min
and max value, median, mean, sd, variance and quantiles as well as skewness and kurtosis which represents the third
and fourth moment of the return distribution. It also includes VaR and ES
As can be seen from the histograms in Figure 8.1, the data seems to be either left or right skewed. In other
words, the distribution is asymmetrical, that is, the distribution’s peak is off center towards either sides, and a
tail stretches away from it. Hence, from our observations all daily returns are non-normally distributed, in the
form of leptokurtosis. As we can see from Figure 8.1 the extent and direction of the skewness differs across the
different datasets. Thus the normal distribution is not a good model choice to explain these datasets.
For all three datasets the kurtosis is in general high, that is, between 4.356331 and 9.615567. The kurtosis
measures the concentration of the return in any given part of the distribution. High values of kurtosis indicate
a departure from the normal distribution. We use the kurtosis definition where the normal distribution has
kurtosis equal to 3, also called ”excess” kurtosis. The ”excess” kurtosis is computed by the ”moment” method
and a value of 3 is subtracted. Our observations indicates that all of our return series are more heavy-tailed. In
general, however, a rational investor should prefer an asset with a low to negative excess kurtosis, as this will
indicate more predictable returns. The major exception is generally a combination of high positive skewness
and high excess kurtosis.
We further tested our data for normality by examining the Quantile-Quantile (QQ) plot, as shown in Figure
8.2. The QQ-plot is a scatterplot created by plotting two sets of quantiles, that is, the empirical and theoretical
quantiles, against one another. If both the empirical and the theoretical quantiles come from the same distri-
bution, we should see the points forming a line that’s roughly straight and inside the confidence interval. The
larger the departure from the reference line, the greater the evidence that the data comes from a population
with a different distribution than that of a normal distribution. When observing Figure 8.2 we can easily see
that the observations do not lie inside the reference lines, and deviates a lot from the line when approaching the
end of the tails. This confirms that the tails of the empirical distributions are not well described by the normal
distribution, and again, are rather heavy-tailed.
The descriptive statistics show that the SP500 are more extreme with respect to skewness and kurtosis than
both ESTX50 and FTSE. For the SP500, the values for skewness and kurtosis are -0.3037768 and 12.649512,
respectively. The corresponding values for the ESTX50 are 0.08550533 and 7.369415, and -0.06350778 and
10.44913 for FTSE. While the ESTX is skewed to the right, both SP500 and FTSE is skewed to the left and
all three datasets exhibits a kurtosis which is fairly high. This indicates that the normal distribution is not
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adequately gonna capture the probability that we will end up in the area where the losses occurs with low
frequency and high severity, and therefore underestimate the likelihood and magnitude of these extreme tail
losses.
By these findings I expect the skew-t, the skew normal and the t-distribution to perform well when using


















































Figure 8.1: Histogram of daily compound log-returns.
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Figure 8.2: QQ-plots of daily log-return.
37
















































Figure 8.3: Timeseries of daily log-returns.
When analyzing financial time series, we expect the return series to display time-conditional structure of
volatility, that is, periods of high or low volatility are most probably followed by high or low volatility in the
following day (see Figure 8.3). Thus, strong evidence of volatility clustering supports the stylized fact that there
is far more predictability in conditional volatility than in returns.
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Figure 8.4: Auto-correlation plot of the absolute daily log-returns for the datasets SP500, ESTX50 and FTSE.
Another important aspect of the descriptive statistics is the stylized fact, autocorrelation, also known as
serial correlation of price changes or in this case stock returns, which in general is largely insignificant, but some
small and interesting anomalies do exists, as illustrated in Figure 8.4. Given that the absolute values of the
stock returns can be used as a proxy for volatility, the autocorrelation of the absolute returns indicate the time
dependency of the volatility. The autocorrelation portrays the correlation between observations at two different
points in time, consequently, if the stock return series are independent over the given time period, the absolute
values of the stock returns should not be correlated. Hence, the presence of volatility clustering in the time
series can therefore be detected by a strong autocorrelation in the absolute values of the stock returns. As can
be seen in Figure 8.4, there are positive values for a large number of lags. This is a good indication of volatility
clustering. We will further study this stylized fact in chapter 8.3.3.
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8.2 Model Selection
The theory in this chapter is based on the following articles: Costa and Angelis [2010], Goodall [2014] and Pohle
et al. [2017].
Model selection procedure is a challenging topic in statistical literature and represent an essential step in
hidden Markov model and hidden Semi-Markov model estimation. In the framework of HMM and HSMM,
model selection is an important aspect to the choice of the number of latent states, denoted as K, of the un-
observed Markov chain. The number of states should be chosen in order to enable the model to account for
the dynamic pattern and the covariance structure of the observed time series. In particular, when using HMM
and HSMM for exploratory purposes, the choice of K is crucial, since in many empirical developments of HMM
no clue about its value is available. The consistent identification of the number of latent states, i.e. the order
of the unobserved Markov chain, is a fundamental prerequisite for model parameter estimation. In order to
choose the best model we will compare different information criteria on the three datasets of timeseries, SP500,
ESTX50 and FTSE, respectively
Information criteria consists of two terms. A goodness of fit measure term and a penalty term. The first
term, which is the goodness of fit measure term, is based on the likelihood function and is increasing by K, since
adding more latent states always improves the fit of the model. The second term is the penalty term which has
to be traded off against the quadratic increase in the number p of parameters that have to be estimated. The
penalty is usually specified as a function of p only or as a function of both p and the number of observations T.
When using the method of maximum likelihood, as the number of states in the model increases, the likelihood
of the model will also increase, and the apparent fit of the model improves. However, as the number of states
increases, so does the number of parameters to be estimated. For the HMM and HSMM, in addition to the
emission distribution parameters, the parameters in the transition probability matrix also increase in numbers.
So as the number of states increases, the numbers of parameters in the HMM’s and HSMM’s increase more
rapidly compared to other latent variable models such as Finite mixture models.
In this paper I will compare the two most widely used information criteria, the AIC (Akaike Information
criterion) and the BIC (Bayesian Information criterion).
The Akaike Information criterion is defined as:
AIC = −2logL+ 2p (8.1)
where L is the log-likelihood of the fitted model and p is the number of parameters. The AIC is an estimate
of a constant plus the relative distance between the unknown true likelihood function of the data and the fitted
likelihood function of the model, so that a lower AIC means a model is considered to be closer to the truth.
However It is also well-known that AIC is unsatisfactory because it has a tendency to overestimate the number
of mixture components.
The Bayesian Information criterion is given by:
BIC = −2logL+ p · log(T ) (8.2)
with L and p as defined for the AIC and T is the number of observations. The BIC is an estimate of a
function of the posterior probability of a model being true, under a certain Bayesian setup, so that a lower BIC
means that a model is considered to be more likely to be the true model.
The BIC tends to select the simpler models (fewer parameters) than the AIC. The AIC and BIC values for
the HMM’s can be used to compare the fitted HMM’s with different numbers of states, or models with different
families of state-dependent distributions. Both criteria are based on various assumptions and asymptotic ap-
proximations. Each, despite its heuristic usefulness, has therefore been criticized as having questionable validity
for real world data. But despite various subtle theoretical differences, their only difference in practice is the size
of the penalty; BIC penalizes model complexity more heavily.
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8.3 Empirical Analysis
In this chapter I will compare the different univariate distributions in the Hidden Markov and hidden Semi-
Markov model framework to check out the stylized facts about stock return series, improve the estimates of
univariate risk measures such as Value at Risk (VaR) and Expected Shortfall (ES), do an component distribu-
tion analysis and last we will do an in-sample analysis. I use 2127 daily returns for SP500, EST50 and FTSE
spanning the period from January 2008 to June 2016.
As a first step of the empirical analysis, I will perform model selection by comparing HSMM’s based on
Normal, T, skew-N and Skew-T as emission distribution and Shifted Poisson and Gamma as the sojourn dis-
tribution. In addition I will also compare the Hidden Markov model with Normal emission distribution and
geometric sojourn distribution, which is the only possible sojourn distribution possible in the HMM. Each com-
peting model is fitted for a number of states K varying from 2 to 6, resulting in a total of 45 different models. I
use the two widely-used model selection criteria to estimate the number of states K, namely AIC and BIC. The
bold values in tables 8.3 - 8.8 represent the best value of considered criteria for each combination of sojourn
distribution and emission distribution. Based on the results from the model selection, I will choose the three
models that performed best for each of the three datasets SP500, ESTX50 and FTSE, that is, the best fitted
HSMM model with shifted poisson SD, the best fitted HSMM model with Gamma SD and the best fitted HMM
model to continue analysing further aspects.
Table 8.3 - 8.8 show, among the negative log-likelihood, AIC and BIC, the 95% VaR and the 95% ES for all
the 45 fitted models. However, in chapter (8.3.1), I will thoroughly explain the approach used to calculate The
VaR and ES and talk about the values for the best models. I will then do a component distribution analysis of
one of the best 3-state HSMM models, based on model selection criteria, on the ESTX50 dataset, to highlight
some important aspects and show how you can use the HSMM model to potentially improve investment in
financial time series, chapter (8.3.2). I will then continue to analyse the stylized facts of stock returns in
financial timeseries, chapter (8.3.3), for the three best fitted models on each dataset. And then I will finish off
with an in-sample analysis, chapter (8.4.4) concerning the empirical cumulative distribution function (ECDF),
to see how well the models reproduce the original data.
Table 8.3: Hidden Markov model, SP500
Normal emission distribu-
tion
2 states 3 states 4 states 5 states 6 states
Loglik -3176.770 -3079.321 -3060.883 -3040.424 -3008.993
AIC 6371.54 6186.64 6157.76 6128.84 6071.98
BIC 6422.50 6265.91 6259.69 6264.74 6224.873
95% VaR -1.9777 -1.8828 -1.6782 -1.5504 -1.5223
99% VaR -3.2461 -2.8677 -2.3403 -2.2724 -2.08004
95% ES -2.7590 -2.4694 -2.0936 -1.9930 -1.8783
99% ES -3.8673 -3.2697 -2.7072 -2.5866 -2.274063
Table 8.3: Comparison of the Hidden Markov model with different number of states for the SP500 dataset.
Table 8.4: Hidden Markov model, ESTX50
Normal emission distribu-
tion
2 states 3 states 4 states 5 states 6 states
Loglik -3787.45 -3745.44 -3722.55 -3712.42 -3695.57
AIC 7592.90 7518.89 7485.09 7476.85 7453.141
BIC 7643.86 7598.16 7598.34 7624.08 7628.678
95% VaR -2.460 -2.4069 -2.2889 -2.3535 -2.197953
99% VaR -3.6999 -3.2750 -3.1861 -3.3392 -3.0688
95% ES -3.2333 -3.0107 -2.8821 -2.9710 -2.777328
99% ES -4.2147 -3.8361 -3.6223 -3.8103 -3.5095
Table 8.4: Comparison of the Hidden Markov model with different number of states for the ESTX50 dataset.
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Table 8.5: Hidden Markov model, FTSE
Normal emission distribu-
tion
2 states 3 states 4 states 5 states 6 states
Loglik -3209.68 -3149.93 -3127.63 -3114.15 -3082.01
AIC 6437.37 6327.87 6291.27 6282.31 6218.023
BIC 6488.33 6407.14 6393.19 6435.19 6370.91
95% VaR -1.9201 -1.8866 -1.7852 -1.4094 -1.682396
99% VaR -2.9540 -2.7252 -2.5875 -2.1023 -2.2823
95% ES -2.6175 -2.4695 -2.3616 -1.9380 -2.087761
99% ES -3.5432 -3.1675 -3.0623 -2.5746 -2.7405
Table 8.5: Comparison of the Hidden Markov model with different number of states for the FTSE dataset.
The HMM. For The SP500 dataset in table 8.3, both the AIC and BIC selects K=6 states. The same
goes for the FTSE dataset in table 8.5, both criteria selects K=6 states. For The ESTX50 dataset in table
8.4 the AIC selects K=6 states. However, it is well-known and also mentioned in Section (8.2 Model Selec-
tion), that AIC is unsatisfactory because it overestimates the number of mixture components and does not
give a sufficient penalty when mixture components are high, for this reason we will not give the AIC criteria
as much weight as the BIC criteria moving forward. The BIC, in this case, selcts K=3 states. The BIC for
K=3 states is just slightly lower (7598.167 compared to 7598.349) than for K=4 states, while the AIC is con-
siderably lower for K=4 states than for K=3 states. So we choose K=4 states for the ESTX50 dataset. The
three models we will use further in the analysis is HMM NO6 for SP500 and FTSE and HMM NO4 for ESTX50.
In the HSMM framework, there are 40 combinations of models that are being fitted on the dataset. The
states K are varying from 2 to 6, there are 4 types of emission distributions (ED) and two types of sojourn dis-
tributions (SD). The bold values represent the best value of considered criteria for each combination of sojourn
distribution and emission distribution. Neither the AIC nor BIC chose the same number of states for any the
models, so we have to argue on which model to choose based model selection criteria theory.
For the SP500 dataset, the shifted Poisson sojourn distribution with the Normal emission distribution
gives the lowest value for the BIC, which we considered to be the most important criteria when choosing a
model. The BIC selects K=5 states, which is the lowest of all the combinations of shifted Poisson SD with the
four different emission distributions. The AIC selects K=6 states in this case, which is just lower than AIC
value for K=5 states, however, we will proceed with the model selected by the BIC. The best fitted model for
the SP500 dataset with shitfed Poisson SD is the Normal ED with K=5 states, which we will call HSMM NO5.
Turning to the Gamma SD for the SP500 dataset. The gamma sojourn distribution combined with the T
emission distribution for K=4 states gives the lowest value for BIC. The lowest AIC value overall for the gamma
SD is with Skew-N as emission distribution for K=6 states. However, The BIC value in this case is much higher
than a lot of other combination as the BIC penalize the mixture components sufficiently. As we can see from
Table 8.6, the AIC almost always choose K = 5 or 6 states, as this criteria lack to sufficiently penalize a high
number of mixture components/ states. The best fitted model for the SP500 dataset with Gamma SD is thus,
the T ED with K=4 states, which we will call HSMM T4ga.
For the ESTX50 dataset, the Shifted Poisson SD combined with both the T emission distribution and the
Normal emission distribution gives low BIC values. The shifted Poisson SD combined with The T ED selects
K=3 states for the BIC which gives the lowest BIC value of the two. The shifted Poisson with the Normal ED
selects K=4 states for the BIC which is just slightly higher than the former combination, and also has a higher
AIC. Both the BIC and the AIC is lower for the HSMM with shifted Poisson SD combined with T ED, so we
proceed with this model which chose K=3 states, which we will call HSMM T3.
For the Gamma sojourn distribution, the best combination is with the Normal emission distribution selecting
K=3 states for the BIC value. However, the Gamma SD combined with the T ED selects K=3 states for the
BIC, which is just barely higher than the former combination. The AIC for this combination with K=3 states
is also just a bit higher than for the Gamma SD and Normal ED combination with K=3 states. So, the Gamma
SD combined with Normal ED is the best model, which we will call HSMM NO3ga.
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Table 8.6: Hidden Semi-Markov model, SP500
2 states 3 states 4 states 5 states 6 states
Normal emission distribution
SD: Shifted Poisson
Loglik -3441.12 -3169.42 -3084.27 -3052.69 -3035.50
AIC 6904.25 6372.85 6216.54 6165.39 6149.007
BIC 6966.54 6469.11 6352.44 6335.26 6369.84
95% VaR -1.6792 -1.9418 -1.8877 -1.8459 -1.90509
95% ES -2.3923 -2.5978 -2.3244 -2.3280 -2.4595
SD: Gamma
Loglik -3175.95 -3076.93 -3070.98 -3027.30 -3022.49
AIC 6373.90 6189.87 6187.96 6118.60 6114.98
BIC 6436.19 6291.79 6318.19 6299.79 6313.17
95% VaR -1.9725 -1.8905 -1.8805 -1.8308 -1.7834
95% ES -2.7443 -2.4653 -2.4036 -2.3596 -2.2885
T emission distribution
SD: Shifted Poisson
Loglik -3313.98 -3127.62 -3072.31 -3045.15 -3025.96
AIC 6653.96 6295.25 6204.63 6160.30 6141.92
BIC 6727.57 6408.50 6374.51 6358.48 6396.73
95% VaR -1.7842 -1.8412 -1.9004 -1.8456 -1.7646
95% ES -3.2475 -2.6655 -2.4788 -2.3512 -2.3100
SD: Gamma
Loglik -3123.00 -3060.99 -3033.26 -3020.92 -3003.79
AIC 6272.00 6163.97 6122.52 6109.84 6141.92
BIC 6345.61 6282.89 6281.07 6302.37 6344.73
95% VaR -1.9970 -1.9009 -1.8785 -1.8580 -1.8561
95% ES -2.8155 -2.5087 -2.4151 -2.4063 -2.4683
Skew-N emission distribution
SD: Shifted Poisson
Loglik -3441.12 -3155.13 -3064.85 -3045.17 -3034.855
AIC 6908.25 6350.27 6185.70 6166.35 6157.71
BIC 6981.86 6463.52 6344.25 6381.52 6406.858
95% VaR -1.6792 -1.7947 -1.8489 -1.9425 -1.8314
95% ES -2.3923 -2.4598 -2.4028 -2.5409 -2.3749
SD: Gamma
Loglik -3175.95 -3076.93 -3040.21 -3027.20 -3008.62
AIC 6377.90 6195.87 6138.42 6126.40 6099.25
BIC 6451.51 6314.78 6294.97 6330.25 6331.42
95% VaR -1.9725 -1.8905 -1.8597 -1.8223 -1.7884
95% ES -2.7443 -2.4643 -2.3953 -2.3251 -2.2662
Skew-T emission distribution
SD: Shifted Poisson
Loglik -3312.33 -3120.60 -3071.90 -3045.17 -3029.36
AIC 6654.66 6281.20 6205.81 6166.35 6173.34
BIC 6739.60 6394.45 6381.35 6381.52 6411.16
95% VaR -1.8211 -1.9001 -1.9100 -1.9425 -1.8391
95% ES -3.1672 -2.6827 -2.5193 -2.5402 -2.4652
SD: Gamma
Loglik -3120.23 -3060.67 -3033.31 -3023.03 -3006.34
AIC 6270.47 6169.35 6128.62 6124.06 6106.68
BIC 6355.41 6305.25 6304.15 6344.90 6372.82
95% VaR -2.0215 -1.9031 -1.8569 -1.8246 -1.7530
95% ES -2.8111 -2.5076 -2.3658 -2.3295 -2.2629
Table 8.6: Comparison of the Hidden Semi-Markov models with different number of states, ED and SD for the SP500
dataset.
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Table 8.7: Hidden Semi-Markov model, ESTX50
2 states 3 states 4 states 5 states 6 states
Normal emission distribution
SD: Shifted Poisson
Loglik -3952.64 -3793.70 -3756.33 -3732.17 -3729.63
AIC 7927.29 7621.42 7580.66 7526.34 7533.26
BIC 7989.57 7717.68 7696.56 7701.88 7742.77
95% VaR -2.4366 -2.4105 -2.4482 -2.4899 -2.4621
95% ES -3.3034 -3.0449 -3.2456 -3.1728 -3.1859
SD: Gamma
Loglik -3787.41 -3746.01 -3730.14 -3713.29 -3685.72
AIC 7596.82 7526.035 7506.29 7484.59 7443.45
BIC 7659.11 7622.29 7636.52 7648.80 7647.30
95% VaR -2.4648 -2.3937 -2.3273 -2.2362 -2.3282
95% ES -3.2656 -3.0514 -2.8852 -2.7232 -3.0121
T emission distribution
SD: Shifted Poisson
Loglik -3875.01 -3770.31 -3738.14 -3726.74 -3708.67
AIC 7776.02 7570.63 7538.29 7523.49 7507.35
BIC 7849.63 7693.88 7713.83 7721.67 7762.16
95% VaR -2.3289 -2.3684 -2.5488 -2.4444 -2.3310
95% ES -3.5670 -3.1854 -3.2554 -3.1728 -3.0054
SD: Gamma
Loglik -3766.44 -3735.56 -3718.05 -3713.16 -3699.66
AIC 7558.89 7531.12 7492.10 7494.32 7487.32
BIC 7632.50 7624.37 7650.64 7686.85 7736.47
95% VaR -2.4566 -2.4249 -2.3922 -2.3341 -2.4016
95% ES -3.2642 -3.1287 -3.1687 -2.9605 -3.1819
Skew-N emission distribution
SD: Shifted Poisson
Loglik -3924.00 -3790.24 -3749.10 -3728.31 -3717.28
AIC 7874.01 7620.48 7556.20 7528.62 7518.57
BIC 7947.62 7716.74 7720.41 7732.47 7756.39
95% VaR -2.1879 -2.3966 -2.5069 -2.4699 -2.4600
95% ES -2.7550 -3.0198 -3.1856 -3.2558 -3.1377
SD: Gamma
Loglik -3787.41 -3746.01 -3727.61 -3718.71 -3702.03
AIC 7600.82 7532.03 7509.23 7509.43 7484.06
BIC 7674.43 7645.28 7662.12 7713.28 7723.70
95% VaR -2.4648 -2.3937 -2.4501 -2.3457 -2.2848
95% ES -3.2656 -3.0514 -3.0709 -3.0021 -2.7863
Skew-T emission distribution
SD: Shifted Poisson
Loglik -3873.82 -3768.56 -3736.45 -3728.31 -3715.19
AIC 7777.64 7577.13 7583.13 7528.62 7512.38
BIC 7862.58 7713.37 7725.76 7732.56 7744.54
95% VaR -2.2861 -2.3534 -1.9353 -2.4699 -2.4968
95% ES -3.6223 -3.1784 -3.2481 -3.2558 -3.2268
SD: Gamma
Loglik -3766.38 -3749.28 -3716.62 -3705.30 -3691.52
AIC 7562.76 7544.57 7497.24 7488.61 7481.058
BIC 7647.70 7674.81 7678.44 7709.44 7758.51
95% VaR -2.4445 -2.3938 -2.3507 -2.4164 -2.4226
95% ES -3.2766 -3.1806 -3.0963 -3.0406 -3.0249
Table 8.7: Comparison of the Hidden Markov model with different number of states for the ESTX dataset.
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Table 8.8: Hidden Semi-Markov model, FTSE
2 states 3 states 4 states 5 states 6 states
Normal emission distribution
SD: Shifted Poisson
Loglik -3417.83 -3203.99 -3165.80 -3128.25 -3100.08
AIC 6857.67 6441.99 6381.60 6318.51 6276.16
BIC 6919.95 6538.25 6523.16 6494.05 6504.53
95% VaR -1.8554 -1.7351 -1.8802 -1.8010 -1.8057
95% ES -2.6279 -2.3861 -2.4150 -2.3476 -2.2004
SD: Gamma
Loglik -3208.59 -3150.27 -3138.54 -3093.51 -3082.85
AIC 6439.18 6334.54 6323.08 6245.01 6235.70
BIC 6501.47 6430.80 6453.31 6409.23 6433.89
95% VaR -1.8929 -1.8543 -1.8915 -1.9042 -1.7549
95% ES -2.5842 -2.3915 -2.3309 -2.4376 -2.1881
T emission distribution
SD: Shifted Poisson
Loglik -3311.07 -3175.43 -3139.58 -3106.80 -3091.47
AIC 6648.15 6390.86 6339.16 6283.61 6270.95
BIC 6721.76 6504.11 6509.04 6481.80 6520.10
95% VaR -1.7822 -1.7223 -1.7869 -1.7230 -1.7181
95% ES -2.7662 -2.4152 -2.4118 -2.2621 -2.1878
SD: Gamma
Loglik -3174.45 -3132.63 -3106.12 -3095.11 -3102.374
AIC 6374.90 6305.27 6266.25 6258.23 6288.74
BIC 6448.51 6418.52 6419.13 6450.75 6526.57
95% VaR -1.8979 -1.9888 -1.9070 -1.7612 -1.7678
95% ES -2.6231 -2.5124 -2.4646 -2.2438 -2.4282
Skew-N emission distribution
SD: Shifted Poisson
Loglik -3401.79 -3198.41 -3153.89 -3130.26 -3116.14
AIC 6829.59 6436.82 6361.79 6334.52 6322.28
BIC 6903.20 6550.07 6514.68 6544.03 6577.10
95% VaR -1.5903 -1.7296 -1.9318 -1.7907 -1.8531
95% ES -2.1595 -2.3817 -2.4212 -2.4034 -2.4213
SD: Gamma
Loglik -3208.59 -3150.69 -3108.65 -3092.13 -3089.44
AIC 6443.18 6343.38 6271.30 6252.27 6260.89
BIC 6516.79 6462.29 6424.19 6444.79 6493.05
95% VaR -1.8929 -1.8551 -1.8267 -1.9117 -1.8394
95% ES 2.5842 -2.3509 -2.3062 -2.4384 -2.3217
Skew-T emission distribution
SD: Shifted Poisson
Loglik -3310.98 -3172.12 -3131.15 -3130.26 -3109.15
AIC 6651.97 6390.25 6326.30 6334.52 6298.31
BIC 6736.91 6497.50 6507.50 6544.03 6524.81
95% VaR -1.7724 -1.7746 -1.8549 -1.7907 -1.8317
95% ES -2.7599 -2.5194 -2.4086 -2.4034 -2.4111
SD: Gamma
Loglik -3173.62 -3146.99 -3103.45 -3075.69 -3006.34
AIC 6377.24 6339.99 6270.91 6250.64 6249.38
BIC 6462.18 6470.23 6452.10 6471.48 6526.84
95% VaR -1.897 -1.9693 -1.7667 -1.8465 -1.7821
95% ES -2.6231 -2.4678 -2.2764 -2.3859 -2.2785
Table 8.8: Comparison of the Hidden Markov model with different number of states for the FTSE dataset.
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For the FTSE dataset, the Shifted Poisson combined with the T ED for K=5 states gives the best value
for the BIC. Two other combinations of SD and ED also worth mentioning is the Shifted Poisson SD combined
with both Normal ED and Skew-T ED for K=5 and K=3 states, respectively. These models also performed
well, but compared with The first combination, the AIC values of these two latter models is much higher. The
model we will proceed with is HSMM T5. For the Gamma sojourn distribution, the best combination is with
the Normal ED selecting K=5 states for the BIC value. The best combination for the AIC is the Gamma SD
and the Normal ED where the AIC selects K=6 states, but the BIC value for this model is fairly high so it’s
not a model we will consider. Other models also worth mentioning that performed well was Gamma SD with T
ED selecting K=3 states for the BIC, and Gamma SD with Skew-N ED selecting K=4 states for the BIC. We
will proceed with the model HSMM NO5ga
For all the models mentioned above, the predicted states combined with their EM-algorithm convergence
is shown in figure 8.5, figure 8.6 and figure 8.7. As can be seen from the respective figures, the HMM models
and the HSMM models with shifted Poisson sojourn distribution needed a lot more iterations for the the EM-
algorithm to converge, compared to the HSMM models with Gamma sojourn distribution. The three models
with Gamma SD also performed better than the three models with shifted Poisson SD when comparing the
information criteria, AIC and BIC.
(a) SP500, HMM with K=6 states
(b) ESTX50, HMM with K=4 states
(c) FTSE, HMM with K=6 states
Figure 8.5: Predicted states using Viterbi-Algorithm for HMM, and the respective EM-algorithm convergence.
All three datasets either has skewness or kurtosis, or both, present. Both skew-N distribution and the T-
distribution extends the Normal distribution in a way that they allow to regulate for skewness and kurtosis,
respectively. The skew-T distribution has the property that it allows for regulation of both skewness and kurto-
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sis. As we can see from the tables 8.6, 8.7 and 8.8, concerning the HSMM models, is that the models that almost
always produce the best result for the log-likelihood value (the highest value/or the lowest negative value) is the
models with an emission distribution which allows for skewness, kurtosis, or both. But these models are getting
a to hard penalty, that we can keep them as competing models, with a few exceptions. The reason for this is
that the datasets we are analysing doesn’t have enough skewness and/or kurtosis that the models with emission
distribution that can regulate either of them or both performs better than the Normal-distribution, except for
the T-distribution which performs just as good as the Normal. Either the skew-N distribution or the skew-
T distribution as ED performed better than the Normal distribution as ED in any of the combination of models.
If we look at the table about the descriptive statistics, table 8.2, we can see that all the models has kurtosis
present, in fact, for the SP500 dataset the kurtosis is fairly high. The skewness, however, is not that high for
either of the datasets. This is the reason why the T-distribution and the Normal distribution performs better
compared to the skew-N and the skew-T distribution. Even though the T-distribution is harder penalized by the
AIC and BIC because of the number of parameters in the model, the kurtosis present (in some of the datasets)
is large enough that it can better fit the dataset and perform better or just as good as the Normal based on
the AIC and BIC. AS we can see from figure 8.6 and figure 8.7, the competing models are models with either
Normal ED or T-ED.
(a) SP500, HSMM with Normal ED and K=5 states
(b) ESTX50, HSMM with T ED and K=3 states
(c) FTSE, HSMM with T ED K=5 states
Figure 8.6: Predicted states using Viterbi-Algorithm for HSMM with Shifted Poisson sojourn distribution, and
the respective EM-algorithm convergence.
When comparing the HSMM models and HMM models, you can clearly see that the HMM models most
often chose models with a higher number of mixture components, in this case states. Choosing K=6 states for
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both the SP500 and FTSE dataset and K=4 states for the ESTX dataset. The reason is that when the number
of states K increase, the number of parameters that are being estimated doesn’t increase that rapidly for the
HMM models as it does for the HSMM models. In the HMM framework, with the Normal emission distribution,
you only have the sigma (σ), the mu (µ), the transition probability matrix (TPM) parameters and the initial
parameters as the estimated parameters. Even though the number of states increase, the number of parameters
in the model doesn’t increase that much.
In the HSMM framework, there are two additional parameters in the model that we have to consider, namely
the sojourn distribution parameters, which is the shape and the scale parameter when using the Gamma so-
journ distribution, and the lambda and the shift parameter when using the shifted Poisson sojourn distribution.
So when fitting, lets say a HSMM with Normal ED and Gamma SD for K=5 states, there are 10 additional
parameters that are being estimated compared to the Normal ED in the HMM framework, 5 shape parameters
and 5 scale parameters one for each state. This, of course, has an affect on the model selection criteria. In
addition to this, we only used the Normal distribution as ED in the HMM framework, compared to the HSMM
framework were we used distributions that have a lot more parameters.
(a) SP500, HSMM with T ED and K=4 states
(b) ESTX50, HSMM with Normal ED and K=3 states
(c) FTSE, HSMM with Normal ED and K=5 states
Figure 8.7: Predicted states using Viterbi-Algorithm for HSMM with Gamma sojourn distribution, and the
respective EM-algorithm convergence.
An example is the Skew-T distribution as ED, where the number of parameters consists of mu (µ), sigma
(σ), a skewness-parameter (δ) and a kurtosis-parameter (κ). So when calculating the model selection criteria,
AIC and BIC, they get very high. As you can see from table 8.6, table 8.7 and table 8.8, the Skew-T as emission
distribution, regardless of the sojourn distribution, almost always has the highest log-likelihood. But because
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of the large number of parameters that are being estimated, it almost always has the highest AIC and BIC (low
values equal best fitted model), compared to the other models in the HSMM framework. Summarizing this
section, the models we will use further in this thesis is:
For the SP500 dataset:
• HSMM NO5 - shifted Poisson SD
• HSMM T4ga - Gamma SD
• HMM NO6.
For the ESTX50 dataset:
• HSMM T3 - shifted Poisson SD
• HSMM NO3ga - Gamma SD
• HMM NO4.
For the FTSE dataset:
• HSMM T5 - shifted Poisson SD
• HSMM NO5ga - Gamma SD
• HMM NO6.
8.3.1 VaR and ES calculation in the HMM and HSMM framework
The calculation of Value at Risk (VaR) in the HMM and the HSMM framework is not that complicated. We
use the Viterbi-algorithm in the mhsmm package in R, created by O’Connell and Højsgaard [2011], to to find
the jointly most likely configuration of states. When each of the observations is assigned to a specific state we
separately calculate the Value at Risk for each of the different states. We then add up the all the VaR’s for each
of the states with the correct weight based on the number of observation of each state. When we combine the
VaR for each state we get the VaR for the whole dataset for the given time frame. This gives a more precise
result than to just calculate VaR for the whole dataset. As we can see from e.g figure 8.7 (b), it’s easy to see
that each state represent periods of volatility, that is, periods with high volatility or low volatility. Periods
with high volatility can be divided into positive or negative frequencies of returns. The blue state represent low
volatility and the green and orange state represents high volatility of frequencies of either positive or negative
returns. So we have a VaR for each of these volatility periods which, combined, better capture the financial risk.
Once we have calculated the value at risk, the expected shortfall (ES) is easy to obtain. While VaR represents
a worst-case loss associated with a probability associated with that loss and a time horizon, ES is the expected
loss if that worst-case threshold is ever crossed.
If a financial risk manager wants to know what the Value at Risk or the Expected Shortfall is for a specific
asset or a portfolio of assets over a period of time in the future, the best way to do it is as follows. Firstly,
fit the model on the dataset and then use the fitted model to forecast future values, based on out-of-sample
forecasting (not covered in this paper). Then use the viterbi algorithm to find out the most likely configuration
of states. After that, calculate the VaR for each of the periods (states) and then combine each VaR with the
correct weight. Thus, this way of treating and calculating the VaR gives a more realistic result compared to the
regular way when the calculation of VaR is done for the whole dataset. This is because one takes into account
periods of high or low volatility. Lets say, hypothetically we ”know” we are in a period of low volatility and
it will last for some time, then it would not be accurate to calculate the VaR for the whole dataset since this
way of calculating the VaR also includes the periods of high volatility. The most correct way would just be to
calculate the VaR for that specific period. The same concept is relevant if a financial risk manager wants to
know the VaR over a period of time up to a present time point.
I will now show how this calculation of VaR and ES is done in R. After the hsmmfit() function is used to
implement the EM-algorithm, where the function model parameters is estimated, we use the predict() function
in the mhsmm package to calculate the most likely configuration of states. This function returns a list where the
component named s contains the most likely configuration of states, which is found using the Viterbi algorithm.
This arbitrary example is a HSMM with T-ED, Gamma SD and K=3 states.
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1 yhat T <− p r ed i c t (hsmm T, x )
Every observation is assigned to a state, so the next step of the procedure is to distinguish all the observations
assigned to state 1, state 2 and state 3, and then separately calculate the Value at Risk for each specific state.
The yhat T contains a list with the states and a list with the observations, yhat T$s and yhat T$x, respectively.
The next step is to turn these lists into a dataframe, which makes it easier for us to distinguish the states with
the respective observations.
1 s t a t e s <− data . frame ( yhat T$ s )
2 obs <− data . frame ( yhat T$x )
3 df . s t a t e s <− data . frame ( s t a t e s , obs )
1 s t a t e 1 <− df . s t a t e s [ df . s t a t e s $yhat T. s == 1 & df . s t a t e s $yhat T. x < 11 , ]
2 weight 1 <− l ength ( s t a t e 1$yhat T. x ) /2127
3
4 s t a t e 2 <− df . s t a t e s [ df . s t a t e s $yhat T. s == 2 & df . s t a t e s $yhat T. x < 11 , ]
5 weight 2 <− l ength ( s t a t e 2$yhat T. x ) /2127
6
7 s t a t e 3 <− df . s t a t e s [ df . s t a t e s $yhat T. s == 3 & df . s t a t e s $yhat T. x < 11 , ]
8 weight 3 <− l ength ( s t a t e 3$yhat T. x ) /2127
Now that we have distinguished alle the observations for each state we calculate the Value at Risk for each
state and then add up all the three VaR’s together with the respective weights. We use the quantile function
which produces sample quantiles corresponding to a given probability, in this case the 5% quantile.
1 VaR s1 <− quan t i l e ( s t a t e 1$yhat T. x , 0 . 05 )
2 VaR s2 <− quan t i l e ( s t a t e 2$yhat T. x , 0 . 05 )
3 VaR s3 <− quan t i l e ( s t a t e 3$yhat T. x , 0 . 05 )
4
5 VaR T <− VaR s1 ∗ weight 1 + VaR s2 ∗ weight 2 + VaR s3 ∗ weight3
We do the same for the expected shortfall, also call conditional value at risk. Once we have calculated the
VaR for each state, it is easy to calculate the expected shortfall which is the expected mean loss given that a
loss is occurring at or below a given quantile. This quantile is in our case the 5% Value at Risk.
1 CVaR s1 <− mean( s t a t e 1 [ s t a t e 1 <= VaR s1 ] )
2 CVaR s2 <− mean( s t a t e 2 [ s t a t e 2 <= VaR s2 ] )
3 CVaR s3 <− mean( s t a t e 3 [ s t a t e 3 <= VaR s3 ] )
4
5 CVaR T <− CVaR s1 ∗ weight 1 + CVaR s2 ∗ weight 2 + CVaR s3 ∗ weight 3
Periods of high volatility results in a higher VaR and ES value. However, they do not occur as often as
more stable periods or periods of medium volatility. When we use the viterbi algorithm to compute the jointly
most likely configuration of states, the observations is assigned a specific states corresponding to the degree of
volatility. If we are to calculate the VaR for the whole dataset, which is done for the descriptive statistics, the
periods of high volatility gets as much weight as the periods of low or medium volatility, even though the two
latter periods are more frequent. On the 8.9, we have taken the VaR and ES for three best model on the three
datasets combined with the ones calculated for the descriptive statistics to easily compare them.
As we can see from Table 8.9 The HMM models shows a value of VaR and ES which is much lower than that
of the descriptive statistics. This can have something to do with how the computation of the states is calculated.
It is well known that the sojourn time in the HMM follows a geometric distribution. This is not always desirable
and limits the range of possible applications, which includes the computation of the most likely configuration of
states. The HSMM models has a different setup where the sojourn times are computed explicitly and allows the
models to adjust to more complex situations, which includes a better computation of the states. The HSMM
models, both with Gamma SD and shifted Poisson SD, shows pretty similar results, but also shows result that
are lower than for the descriptive statistics. However, these results indicates a better computation of the states.
It seems like The HSMM models more accurately compute the jointly most likely configuration of states, as the
VaR and ES, especially for the ESTX50 datasets, are just slightly lower than for the values calculated in the
descriptive statistics. When looking at the ES which is the expected loss if that worst-case threshold i sever
crossed, we can see that all the values from all models shows a result which is much lower than for the ES
presented in the descriptive statistics. This shows that all models have done well dividing observations into
periods of different volatility, and essentially capture the periods of high volatility, which has a great affect on
the ES on the descriptive statistics. We basically give each periods of volatility the weight corresponding to the
probability of their occurrence. The high-volatility periods obviously has a greater affect on the VaR and ES
than the low-volatility periods, but the high-volatility periods occur less often, so they has a smaller weight on
the whole computation, which gives a smoother value, especially for the ES.
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Table 8.9: VaR and ES
SP500 Des. Stat. HSMM NO5 HSMM T4ga HMM NO6
95% VaR -2.106 -1.846 -1.879 -1.522
95% ES -3.467 -2.328 -2.415 -1.878
ESTX50 Des. Stat. HSMM T3 HSMM NO3ga HMM NO4
95% VaR -2.557 -2.368 -2.394 -2.289
95% ES -3.793 -3.186 -3.051 -2.882
FTSE Des. Stat. HSMM T5 HSMM NO5ga HMM NO6
95% VaR -2.109 -1.723 -1.904 -1.682
95% ES -3.108 -2.262 -2.438 -2.089
Table 8.9: VaR and ES for the descriptive statistics and the three best models on each of the three datasets. HSMM
with Gamma SD on the second column, HSMM with shifted Poisson SD on the third column and HMM to the far right.
8.3.2 Component distribution analysis
In this analysis we are using the HSMM with Gamma SD and Normal ED for K = 3 states on the ESTX50
dataset, this is one of the the best fitted HSMM based on the model selection criteria AIC and BIC for the
ESTX50 dataset. The theory and analysis of this chapter is based on Liu and Wang [2017], which gives a good
introduction to HSMM in financial stock returns and also provides further reading.
The parameters on the HSMM models is estimated by the EM-algorithm, that is, the parameters for each
component/state. That includes the initial parameter(s), the emission parameters, the transition probability
matrix and the sojourn time distribution parameters. Table 8.10 presents the estimated parameters of the
component distributions. For the parameter estimates of rest of the models, see Table A.1, A.2, A.3, A.5, A.6
and A.4 in Appendix A. Based on the estimated mean and standard deviation for each state, we compute the







, i ∈ {1, 2, 3} (8.3)
where xi is the mean of state i, σi is the standard deviation of state i, and ni is the sample size of state i.
The one-sample z-test suggests that the mean of state 1 is insignificant from 0 at the 10% significant level, the
mean of state 2 is significantly below 0 at the 1% significant level and the mean of state 3 is significantly above
0 at a 1% significant level.
Table 8.10: Component distribution parameters
State 1 State 2 State 3
Mean -0.0125 -0.2834 0.0957
Std. Dev. 1.2260 1.7436 0.9317
Sample Size 1247 183 697
Z-statistic -0.3604 -2.1985*** 2.7107***
Table 8.10: note: *p < 0.1 **p < 0.5 ***p < 0.01
The results indicate that the time-varying distribution of the returns depends on the hidden states, which
can be interpreted as the market conditions. Specifically, state 1 corresponds to the sidewalk market, state 2
corresponds to the bear market, and state 3 corresponds to the bull market. We define the sidewalk, the bear
and bull markets from the perspective of the distributional features.
Definition: A Sidewalk Market
1. The mean of the distribution of the daily returns conditional on a sidewalk market, in this case state 1,
should be insignificantly different from 0.
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2. It is expected to observe a roughly equal number of positive and negative daily returns in this market.
3. Because of the above statistical properties, the price in a sidewalk market mean-reversion pattern, which
means that asset prices and historical returns eventually will revert to the long-run mean or average level
of the entire dataset
Definition: A Bear Market
1. The mean of the distribution of the daily returns conditional on a bear market, in this case state 2, is
significantly less than 0.
2. The frequency of the positive returns is expected to be smaller than that of the negative returns.
3. Because of the above statistical properties, the price in a bear market is generally decreasing.
Definition: A Bull Market
1. The mean of the distribution of the daily returns conditional on a bull market, in this case state 3, should
be significantly larger than 0.
2. The frequency of the positive returns is expected to be larger than that of the negative returns.
3. Because of the above statistical properties, the price in a bull market is generally increasing
Table 8.11 presents the empirical frequency of the positive and negative returns for the fitted component
distributions and confirms our interpretation of the three underlying states of the HSMM. As can be seen, the
frequency of the positive return of state 3 is 54.4%, while the frequency of the negative return is 45.6%. There
are negative returns in the bull market as well, but positive returns are more frequent. This statistical evidence
empowers the price in the bull market to increase. Hence, state 3 can be regarded as a bull market according
to its statistical features. Using the same logic, state 2 has a significant negative mean and corresponds to the
bear market where the price shows a downward trend because the negative returns (57.9%) occur more often
than the positive returns (42.1%). As for state 1, the frequency of the positive and negative returns is nearly
the same, 49.4% and 50.6%, respectively. State 1 corresponds to the sidewalk market where the price displays
a mean-reversion pattern.
Table 8.11: Frequency of Positive and Negative Returns
State 1 State 2 State 3
Positive Return Freq. 49.4% 42.1% 54.4%
Negative Return Freq. 50.6% 57.9% 45.6%
Based on the estimated parameters in the component distribution, Figure 8.8 displays the histogram of
the daily returns of the ESTX50 dataset and the density for the three fitted component distributions for the
HSMM with Normal ED and Gamma SD for K = 3 states. By separating the empirical distribution into
three component distributions, the HSMM is able to explain the leptokurtosis and fat tail effects. In this case,
the over-peak yellow density-line in the middle part of the empirical distribution mainly results from the bull
market, the mean is 0.0957 while the standard deviation is 0.868. This means that the daily returns of this
state doesn’t deviate that much from the mean which is positive. The bear market plays a vital role in the
fat tails. The standard deviation of the bear market is 2.90134, which is much higher than for the other two
markets, while the mean is -0.2834. Hence, by these component distribution parameters, the bear market is the
most volatile market, followed by the sidewalk market. Surprisingly, the bull market is the most stable market.
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Figure 8.8: Component density for ESTX50
Figure 8.8: Shows the density-lines for the three different states of the HSMM model with Normal ED and Gamma SD.
State 1 = red, State 2 = green and State 3 = yellow.
The component mean is important for price behaviour. Although the mean of state 3 (0.0957) is very small,
it is still significantly larger than zero. This small but significant positive mean ensures that positive returns
occur more frequently than the negative returns, which is the key feature of the bull market. The same logic can
be applied to state 2, the bear market, where the mean is significantly smaller than zero and where the negative
mean ensures that negative returns occur more frequently than the positive returns. The insignificant mean of
state 1 ensures that its distribution is almost symmetrical around 0 and the frequency of positive returns and
negative returns is nearly the same.
Table 8.12 presents the number of days, the number of times, and average sojourn time for different market
conditions. Our results show that the bull market has a slightly longer sojourn time than the bear market
(43.563 vs 22.875) Additionally, the average sojourn time for the sidewalk market is the longest with 56.682
days, which is much longer than in the case the other two types of markets.
Table 8.12: Sojourn time information
State 1 (S.walk) State 2 (Bear) State 3 (Bull)
Number of days 1247 183 697
Number of times 22 8 16
Average sojourn 56.682 22.875 43.563
Table 8.13 gives the estimated transition probability matrix (TPM) of the HSMM for the ESTX50 dataset.
The sojourn time of the HSMM is controlled by the sojourn time distribution rather than by the diagonal en-
tries in the TPM. Hence, the diagonal entries are all zeros for the HSMM. There are a few interesting economic
implications that can be drawn from the TPM. In this case, the TPM can be interpreted as follows. After
a bear market, there is a 100% chanse that a sidewlak market will follow, the same goes for bull market to
sidewalk market. After a sidewalk market there is a 24% chanse that a bear market will occur and a 76% chance
that a bull market will occur. In other words, it is unclear, even though a bull market has highest chance of
occurring after a sidewalk market, whether a bull or bear market will follow after a sidewalk market, where the
price fluctuates within a certain range for a long period of time. As we can see from table 8.13 there is a zero
percent chance that a bull market will occur after a bear market and vice verca. This means that after periods
with either high positive return frequencies or high negative return frequencies the market must go through the
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sidewalk market before proceeding to either of the two markets. This is easy to see in figure 8.7 (b).
Table 8.13: Transition probability matrix
From/to State 1 (S.walk) State 2 (Bear) State 3 (Bull)
State 1 (S.walk) 0.00 0.24 0.76
State 2 (Bear) 1.00 0.00 0.00
State 3 (Bull) 1.00 0.00 0.00
8.3.3 Stylized facts analysis
The main focus of this third step of the empirical analysis is the stylized facts of the absolute and squared daily
returns. Granger and Ding [1995a] Granger and Ding [1995b] described several temporal and distributional
properties for daily return series for the SP 500 index. Rydén et al. [1998] showed that the HMM reproduces
most of these properties or stylized facts. The four temporal properties are as follows:
TP1: Returns rt are not autocorrelated (except for, possibly, at lag one).
TP2: |rt| and r2t are ‘long-memory’, i.e., their autocorrelation functions decay slowly starting from the first
autocorrelation corr(|rt|, |rt−k|) > corr(r2t , r2t−k). The autocorrelations remain positive for many lags and the
decay is much slower than the exponential rate of a typical stationary ARMA model.
TP3: The Taylor effect corr(|rt|, |rt−k|) > corr(rθt , rθt−k), θ 6= 1. Autocorrelations of powers of absolute
returns are highest at power one.
TP4: The autocorrelations of sign(rt) are negligibly small
The three distributional properties are:
DP1: |rt| and sign(rt) are independent.
DP2: Mean |rt| = standard deviation |rt|.
DP3: The marginal distribution of |rt| is exponential (after outlier correction).
Note that an exponentially distributed variable (DP3) xt has the following properties.
PED1: E(xt) = V ar(xt) (same as DP2).
PED2: E(xt − E(xt))3 = 2.
PED3: E(xt − E(xt))4 = 9.
As Granger and Ding [1995a] Granger and Ding [1995b] remarked, it is not difficult to find a model possess-
ing at least some of the above mentioned properties. From Rydén et al. [1998], elaborating Granger and Ding’s
example, suppose rt = etht where {et} is a sequence of i.i.d. variables with zero mean independent of ht so that
TP1 holds. If the distribution of et is symmetric about zero then TP4 is also true.
Let rt = etht where et = sign(rt) and ht = |rt|. rt, t = 1, ..., T, are drawn independently form the respective
component distribution for the given models used in this paper. The HSMM with Normal emission distribution
and T emission distribution with different number of states, depending on what dataset was being used, was
the best fitted models. So rt are drawn independently from one of minimum three normal or T distributions
with mean assumed to be zero. By construction, TP1 holds and because the Normal’s and T’s are assumed to
have zero means, TP4 is not violated in practice. And thus, none of our models violates TP1, TP4 or DP1.
Rydén et al. [1998] showed that a hidden Markov model with normal emission distributions and means equal
to zero satisfies TP1, and that TP4 is not violated in practice. DP1 holds by construction of the model. The
models fitted in our analysis allow for means unequal to zero, however, the estimation results shown in Table
A.1, A.2 and A.3 show that almost all means take values very close to zero.
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The mean-standard deviation ratio, skewness, kurtosis of the absolute returns estimated from the 3 datasets
SP500, ESTX50 and FTSE and from the three fitted models on each dataset are presented in Table 8.14, 8.15
and 8.16. The ratio of mean and standard deviation (PED1/DP2) lies close to 1 for the original series of the
three datasets. This stylized fact is reproduced very well by the HSMM models with T emission distribution.
For the SP500 dataset the Mean/SD equals 1.1917, while for the HSMM T4ga model the value is 1.2010. For
the ESTX50 dataset the Mean/SD equals 1.0002, while for the HSMM T3 model the value is 0.9899. For the
FTSE dataset the Mean/SD equals 1.0860, while for the HSMM T5 model the value is 1.0435. The HSMM
models with Normal emission distribution tends to underestimate this value a bit, whereas the HMM models
tend to overestimate this ratio. This confirms the analysis of Rydén et al. [1998], who noted that PED1 “has to
be relaxed somewhat (the mean has to be allowed to be slightly larger than the standard deviation) if we at the
same time want PED2 and PED3 to be satisfied”. Furthermore, the skewness and the kurtosis are reproduced
well by the HSMM models with both Normal ED and T ED. However, the HSMM models with Normal emission
distribution tends to perform better, except for the FTSE dataset where the HSMM with T emission distri-
bution produce an almost identical result, 3.0326 for original data vs 3.0360 for HSMM T5, while the HSMM
models with Normal ED perform better on the SP500 and ESTX50 dataset. The HSMM models with T-ED
tend to slightly overestimate both skewness and kurtosis (except the skewness and kurtosis for HSMM T5 on
FTSE) a little bit, while the HMM models, both in regards of skewness and kurtosis, show a clear overestima-
tion on all three datasets. Summarizing the above results it can be stated that the HSMM models reproduce
PED1–PED3 comparably better than the HMM. For the SP500 dataset the HSMM NO5 is the best model,
for the ESTX50 the HSMM NO3ga is the best model and for the FTSE dataset the HSMM T5 is the best model.
Table 8.14: SP500
Data HSMM NO5 HSMM T4ga HMM NO6
Mean/SD 1.1917 1.1263 1.2011 2.0608
Kurtosis 17.701 19.688 20.346 22.267
Skewness 3.3274 3.4208 3.5816 4.3346
Table 8.14: Statistics of the absolute returns and the estimated models, original data mean-standard deviation ratio,
skewness and kurtosis of the absolute returns estimated from the SP500 dataset and from the three fitted models
HSMM NO5, HSMM T4ga and HMM NO6. HSMM NO5 = Normal ED, shited Poisson SD and 5 states. HSMM T4ga
= T ED, Gamma SD and 4 states. HMM NO6 = Normal ED, Geometric SD and 6 states
Table 8.15: ESTX50
Data HSMM NO3ga HSMM T3 HMM NO4
Mean/SD 1.0002 0.9618 0.9899 1.5383
Kurtosis 9.7726 7.3247 13.421 16.698
Skewness 2.4123 2.2026 2.639 3.6646
Table 8.15: Statistics of the absolute returns and the estimated models, original data mean-standard deviation ratio,
skewness and kurtosis of the absolute returns estimated from the ESTX50 dataset and from the three fitted models
HSMM NO3ga, HSMM T3 and HMM NO4. HSMM NO3ga = Normal ED, Gamma SD and 3 states. HSMM T3 = T
ED, shifted Poisson SD and 3 states. HMM NO4 = Normal ED, Geometric SD and 4 states
Table 8.16: FTSE
Data HSMM NO5ga HSMM T5 HMM NO6
Mean/SD 1.0860 1.0363 1.0435 2.0430
Kurtosis 15.642 18.896 18.629 55.124
Skewness 3.0326 3.1401 3.0360 6.3614
Table 8.16: Statistics of the absolute returns and the estimated models, original data mean-standard deviation ratio,
skewness and kurtosis of the absolute returns estimated from the FTSE dataset and from the three fitted models
HSMM NO5ga, HSMM T5 and HMM NO6. HSMM NO5ga = Normal ED, Gamma SD and 5 states. HSMM T5 = T
ED, shifted Poisson SD and 5 states. HMM NO6 = Normal ED, Geometric SD and 6 states
Moving forward to check the stylized fact TP2, namely The slow decay of the ACF for series of abso-
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lute/squared daily return. This stylized fact is difficult to model, according to Rydén et al. [1998], and stated
that this stylized fact cannot be reproduced by the HMM because the decay of the autocorrelation is much
faster than that observed in reality. In most cases, the ACF of the HMM model used in Rydén et al. [1998]
shows a much stronger decay of the autocorrelations than the decay of the empirical ACF. Rydén et al. [1998]
considered this stylized fact to be “the most difficult [...] to reproduce with a HMM”. Figure 8.9, 8.10 and
8.11 shows the empirical ACF of squared and absolute returns (grey bars) as well as the ACF of the three best
fitted models, according to the model selection criteria AIC and BIC. We simulate data, 20000 simulations,
using simulate.hsmmspec and simulate.hmmspec in the mhsmm package, from the best three fitted models on
each dataset, based on the resulted estimated parameters that arose by fitting the models on each dataset.
Figure 8.9: Empirical ACF and model ACF of absolute and squared returns for SP500.
Dotted line: HSMM with T ED, Gamma SD and 4 states. HSMM T4ga = HSMM T4
Dashed line: HSMM with Normal ED, shifted Poisson SD and 5 states. HSMM NO5 = HSMM norm5
Solid line: HMM with Normal ED, geometric SD and 6 states. HMM NO6 = HMM norm6
Figure 8.10: Empirical ACF and model ACF of absolute and squared returns for ESTX50.
Dotted line: HSMM with Normal ED, Gamma SD and 3 states. HSMM NO3ga = HSMM norm3
Dashed line: HSMM with T ED, shifted Poisson SD and 3 states. HSMM T3
Solid line: HMM with Normal ED, geometric SD and 4 states. HMM NO4 = HMM norm4
Figure 8.11: Empirical ACF and model ACF of absolute and squared returns for FTSE.
Dotted line: HSMM with Normal ED, Gamma SD and 5 states. HSMM NO5ga = HSMM norm5.
Dashed line: HSMM with T ED, shifted Poisson SD and 5 states. HSMM T5
Solid line: HMM with Normal ED, geometric SD and 6 states. HMM NO6 = HMM norm6
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The HMM models (solid line) used in our analysis are HMM’s with 6,4 and 6 states for the datasets SP500,
ESTX50 and FTSE respectively. The HMM’s in our case doesn’t show the typical strong decay of the auto-
correlation which was found in Rydén et al. [1998], but is, however, more rapidly decaying than for the other
two types of models. The not so strong deacying of the autocorrelation function may be caused by the number
of states in the hidden Markov model framework, managing to better capture the ”long memory” property of
the ACF. Compared to the HMM in Rydén et al. [1998] where they used HMM models with 2-3 states, we are
using 6 states for SP500 and FTSE and 4 states for ESTX50. Our results doesn’t support what was found in
Rydén et al. [1998], which was that the ACF of the HMM models has a strong decay. The number of states in
our HMM models makes them more robust to the strong decay of the ACF, but tend to strongly overestimate
the Mean-standard deviation ratio and especially the skewness and kurtosis.
For the first few lags the HMM models tend to overestimate the autocorrelation (far above the empirical
ACF, grey bars) and then has a decay in the autocorrelation function, stronger than for the two other models.
This is easy to see in Figure 8.9, 8.10 and 8.11 for the absolute returns. For the squared returns, the HMM
models seems to perform better than they did for the absolute returns and even outperforming one of the HSMM
models (HSMM NO5), in the SP500 dataset, managing to reproduce the ”long memory” property of the ACF.
For the SP500 dataset, the HSMM model with T ED and Gamma SD for 4 states, namely HSMM T4ga (dotted
line) performed best and is very close to the empirical ACF, both for squared and absolute returns. The HSMM
with Normal ED and Gamma SD for 5 states, namely HSMM NO5 (dashed line) also performed very well,
reproducing the “long-memory” property of the ACF, but seems to underestimate the ACF. For the ESTX50
dataset, also the HSMM model with Gamma sojourn distribution, namely the HSMM NO3ga performed best
in reproducing this stylized fact. HSMM T3 also reproduce the ”long memory” property, but looses some of its
credibility due to the bad fit for the lags of lower order, and also seems to underestimate the ACF for the lags
of higher order. The HMM model on absolute returns shows an overestimation for lags of low order, and then
show moderate decay. For the squared returns, however, the HMM model performed better in both lags of low
order and in the decay of the ACF, outperforming the HSMM T3. For the FTSE dataset, also here, the model
based on Gamma SD, in this case combined with Normal ED with 5 states (HSMM NO5ga), performed best,
showing a good fit through all the lags for both squared and absolute returns. The HSMM T5 also performed
very well, but with a slightly overestimation of the first few lags of low order for the absolute returns. The
HMM model, again has an overestimation for lags of low order and shows a moderate strong decaying of the ACF.
To measure the fit of the ACF, we calculate the mean squared error (MSE) of the models and a weighted
mean squared error, (wMSE). The wMSE re-weights the error at lag i by 0.95(100−i) to increase the influence
of higher order lags. The results reported in Table 8.17, 8.18 and 8.19 confirm the visual impression that the
HSMM models with Gamma sojorun distribution, that is HSMM T4ga, HSMM NO3ga and HSMM NO5ga,
provides the best fit with respect to both criteria. The HMM models surprisingly outperforms the HSMM
models with shifted Poisson sojourn distribution for the SP500 and ESTX50 dataset.
Summarizing, the six HSMM models (3 with Gamma SD and 3 with shifted Poisson SD) perform comparably
better than the HMM model w.r.t distributional properties. The HSMM models with Gamma SD outperforms
the HMM models and also the HSMM with shifted Poisson SD w.r.t the temporal properties, while the HSMM
based on shifted poisson SD performed better in reproducing the distributional properties. Considering the fact
that the HMM models performed better than the HSMM models with shifted Poisson SD for the stylized fact
TP2, there wasn’t a big difference in the results between the two of them. So all in all, both the HSMM’s based
on Gamma SD and the HSMM’s based on shifted Poisson SD are outperforming the HMM models concerning
the stylized facts.
Table 8.17: Mean squared error, SP500
HSMM NO5 HSMM T4ga HMM NO6
MSE abs x 103 9.3335 1.0097 7.1834
wMSE abs x 103 10.532 1.0272 7.6923
MSE sq x 103 7.3567 2.6353 3.0939
wMSE sq x 103 5.0574 1.0433 3.6089
Table 8.17: Average mean squared error and weighted mean squared error for the ACF of squared and absolute returns
for SP500 and the three fitted models.
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Table 8.18: Mean squared error, ESTX50
HSMM NO3ga HSMM T3 HMM NO4
MSE abs x 103 1.0232 6.5545 5.9460
wMSE abs x 103 1.4477 3.5127 1.8621
MSE sq x 103 1.3194 6.9676 1.4896
wMSE sq x 103 0.7750 1.9451 1.0216
Table 8.18: Average mean squared error and weighted mean squared error for the ACF of squared and absolute returns
for ESTX50 and the three fitted models.
Table 8.19: Mean squared error, FTSE
HSMM NO5ga HSMM T5 HMM NO6
MSE abs x 103 0.8774 6.3274 4.9419
wMSE abs x 103 0.8112 7.6817 4.7655
MSE sq x 103 2.2662 3.6256 5.8646
wMSE sq x 103 0.8868 3.5328 3.0173
Table 8.19: Average mean squared error and weighted mean squared error for the ACF of squared and absolute returns
for FTSE and the three fitted models.
8.3.4 In-sample analysis
In-sample forecast/prediction is the process of formally evaluating the predictive capabilities of the models
developed using observed data to see how effective the algorithms are in reproducing data. In this in-sample
analysis I will evaluate and compare the empirical cumulative distribution function (ECDF), calculated from
the original data, and compare it with the ECDF of the three best fitted models on each dataset, to see how well
the data are reproduced. An empirical cumulative distribution function (ECDF) is a non-parametric estimator
of the underlying cummulative distribution function (CDF) of a random variable. It assigns a probability of
1/n to each datum, orders the data from smallest to largest in value, and calculates the sum of the assigned
probabilities up to and including each datum. The result is a step function that increases by 1/n at each datum.
The ECDF is defined as:





I(xi ≤ x), (8.4)
where I() is the indicator function
I(xi ≤ x) =
{
1 if xi ≤ 0
0 if xi > 0
(8.5)
The closer the ECDF of the fitted models lie to the ECDF of the original data, the better the fitted
models reproduce the data. The ECDF with green lines is the ECDF of HSMM models with shifted Poisson
SD and the blue line is for the HSMM with Gamma SD. As we can see from figures 8.12, 8.13 and 8.14,
the ECDF of the HSMM model, both with shifted Poisson SD and Gamma SD reproduce the original data
better than that of the HMM models. To know how good each model perform in reproducing the data, we
will perform a Kolmogorov-Smirnov Goodness-of-Fit Test. The D-statistic quantifies the distance between the
empirical cummulative distribution function of two samples. The lower the D-statistc, the better the fitted
model reproduce the original data. If the p-value is lower than the significance level, often α = 0.05, then
we reject the null hypothesis that the fitted model reproduce the original data. The alternative hypothesis is
then accepted, that is, the fitted model doesn’t reproduce the original data. As we can see from the tables
8.20, 8.21 and 8.22, all the fitted HMM models reject the null-hypothesis, while the HSMM models, based on
either Gamma SD or shifted Poisson SD all accept the null-hypothesis. This means that all the HSMM models
do well in reproducing the original data. For the SP500 dataset, HSMM T4ga (the model with Gamma SD)
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performs best, for the ESTX50 data set, HSMM T3 (shifted Poisson SD) performs best and for the FTSE
dataset, HSMM T5 (shifted Poisson SD) performs best. Summarizing, for the in-sample analysis, the HSMM
models with shifted Poisson sojourn distribution performs best in reproducing the original data.
Table 8.20: Kolmogorov-Smirnov Goodness-of-Fit Test, SP500
HSMM NO5 HSMM T4ga HMM NO6
D-statistic 0.0207 0.0157 0.0837
p-value 0.3613 0.7202 1.69e-12
Table 8.20: Kolmogorov-Smirnov Goodness-of-Fit Test for the FTSE and the fitted models. HSMM NO5 has shifted
Poisson SD and HSMM T4ga has Gamma SD.
Figure 8.12: ECDF of the original data combined with the fitted ECDF of HSMM NO5 (green line),
HSMM T4ga (blue line) and HMM NO6 (red line).
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Table 8.21: Kolmogorov-Smirnov Goodness-of-Fit Test, ESTX50
HSMM T3 HSMM NO3ga HMM NO4
D-statistic 0.0170 0.0222 0.0681
p-value 0.6261 0.2972 3.26e-08
Table 8.21: Kolmogorov-Smirnov Goodness-of-Fit Test for the FTSE and the fitted models. HSMM T3 has shifted
Poisson SD and HSMM NO3ga has Gamma SD.
Figure 8.13: ECDF of the original data combined with the fitted ECDF of HSMM T3 (green line),
HSMM NO3ga (blue line) and HMM NO4 (red line).
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Table 8.22: Kolmogorov-Smirnov Goodness-of-Fit Test, FTSE
HSMM T5 HSMM NO5ga HMM NO6
D-statistic 0.0142 0.0192 0.0569
p-value 0.8205 0.4607 7.98e-06
Table 8.22: Kolmogorov-Smirnov Goodness-of-Fit Test for the FTSE and the fitted models. HSMM NO5ga has shifted
Gamma SD and HSMM T5 has shifted Poisson SD.
Figure 8.14: ECDF of the original data combined with the fitted ECDF of HSMM T5 (green line),
HSMM NO5ga (blue line) and HMM NO6 (red line).
61
Chapter 9
Conclusion & future work
In the past decades, the growing popularity of HMM’s has led to numerous papers on applications to real-world
problems. In the financial area, HMM’s have regularly been employed in the context of daily returns modelling.
A popular contribution to this subject was authored by Rydén et al. [1998], who showed that HMM’s reproduce
most of the stylized facts about daily series of returns established by Granger and Ding [1995a] and Granger
and Ding [1995b], and found that the HMM couldn’t reproduce the slow decay of the autocorrelation function.
In Bulla and Bulla [2006], they showed that this stylized fact, which is of great importance in financial risk man-
agement, can be described better by means of HSMM’s, while all other stylized facts are equally well or better
reproduced. In Bulla and Bulla [2006] they used a HSMM with negative binomial sojourn time and normal
conditional distributions were they also found that the HSMM reproduced the slow decay of the autocorrelation
function.
In this thesis, however, we present HSMM’s with a different set of combinations of sojourn distribution (SD)
and emission distribution (ED), to not only analyse the stylized facts of stock return series, but to improve
univariate risk measures such as Value at Risk and Expected Shortfall and to use the models to do an in-sample
analysis to see how well the models reproduce the original data. In addition we have done an component dis-
tribution analysis of the HSMM with Gamma SD and Normal ED for K = 3 states on the ESTX50 dataset to
show how one can interpret and identify different periods of volatilities. The sojourn distributions used in this
thesis is shifted Poisson SD and Gamma SD, and combined with the four emission distributions used, Normal,
skew-Normal, t, and skew-t distribution for a number of states varying from K = 2 to 6, we obtained 40 different
models. In the thesis, we also included the HMM with Normal ED for K = 2 to 6 states, which resulted in 5
different models. Combined, we obtained 45 different models to test on the three datasets. The datasets used
in this thesis, SP500, ESTX50 and FTSE are all analysed on the period from 01.11/2008 to 06.22/2016, which
resulted in 2127 observations. To start of the analysis we applied the model selection criteria AIC and BIC to
select the models we wanted to use further in our analysis. One HSMM with shifted Poisson SD, one HSMM
with Gamma SD and one HMM model on each dataset. We used the widely used EM-algorithm in order to
estimate the parameters of the different models.
The model selction criteria showed some interesting results. For the Gamma SD, the best fitted models was
with either Normal ED or T ED for a number of states varying from K = 3 to 5, and the best fitted models
with the shifted Poisson SD was also Normal ED or T ED for K = 3 to 5 states. None of the model selection
criteria chose the skew-Normal or the skew-T as ED due to the large number of parameters present in these
models. For the HMM the model selection criteria chose 6 states for the SP500 and FTSE dataset and 4 states
for the ESTX dataset. The resulting models we further used in our analysis is as follows: for the SP500 dataset
we obtained HSMM NO5, HSMM T4ga and HMM NO6, for the ESTX50 dataset we obtained HSMM NO3ga,
HSMM T3 and HMM NO4 and for the FTSE dataset we obtained HSMM T5, HSMM NO5ga and HMM NO6.
The analysis of the univariate risk measures (VaR) and (ES) showed that all the models calculated a VaR
end ES, seen in Table 8.9 which was lower than that of the values calculated in the descriptive statistics, 8.2,
which was calculated for the whole dataset in one go. Our approach consisted of calculating the VaR and ES for
each volatility period and then combine these values with the respecting weights corresponding to each periods
frequency of occurrence. This obviously reduced the VaR and ES due to the lower weights of the more volatile
periods which has a great affect on these measures. We found that by separately calculating these risk measures
with respect to different volatility periods, we got a more accurate result compared to the calculation done in
the descriptive statistics table 8.2. In the component distribution analysis, we analysed each state distribution
for the HSMM with normal ED and Gamma SD for K = 3 states, and separated them into sidewalk, bear, and
bull markets. Our results indicate, supported by Liu and Wang [2017], that the time-varying distribution of
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the ESTX50 stock market returns depends on the market conditions, namely the sidewalk, bear and bull market.
In the stylized fact analysis we were able to reproduce the long memory property of the stock return series,
that is the slow decay of autocorrelation function. All models, seemed to perform well in doing so. However,
based on visualisation from Figure 8.9, Figure 8.10 and Figure 8.11 and the values of both mean squared error
and weighted mean squared erros from Table 8.17, Table 8.18 and 8.19, we found that The HSMM’s based
on the Gamma SD performed best and was able to very accurately produce the long memory property of the
TP2 for stock returns series. Followed by the HSMM’s with Gamma Poisson SD, was the HMM’s and then
HSMM’s with shifted Poisson SD. However, the HMM’s and the HSMM’s with shifted Poisson produced almost
similar results, with the HMM’s performing just slightly better. The distributional properties of the stock
returns series was well captured by the HSMM’s with shifted Poisson SD, which produced the best results on
the datasets SP500 and ESTX50, while the HSMM’s with Gamma SD performed best on the dataset FTSE.
Here, the HMM’s was way behind the two other types of models, with a huge overestimation of both skewness
and kurtosis and also with a mean/SD ratio that was not very well captured. The best model, when looking
at the stylized facts combined, was the HSMM’s with Gamma SD, followed by the HSMM’s shited Poisson SD,
and the the HMM’s
In the in-sample analysis we tested to see how well the fitted models could reproduce the original data with
comparing the EDCF of the original data with the ECDF of the fitted models. We used a Kolmogorov-Smirnov
test to see how far away the ECDF of original data was from the fitted one. Here, the HSMM’s with shifted
Poisson SD performed best on the ESTX50 and FTSE dataset, while the HSMM’s with Gamma SD performed
best on the SP500 datasets. The HSMM’s with both shifted Poisson SD and Gamma SD produced p-values
which was way higher than the significant level (of any kind, either α = 0.1, 0.05or0.01), accepting the null-
hypothesis that the fitted model reproduce our original data. The HMM’s produced p-values way lower than
the significant level of any kind, rejecting the null hypothesis that the fitted models reproduce the original data.
So the all the HSMM’s performed much better than the HMM’s.
In our thesis we found that the HSMM’s, with either shifted Poisson SD or Gamma SD was clearly a
better model choice than HMM’s with Normal ED, when modelling financial timeseries. However, the easy
implementation and the fast converging EM-algorithm of the HMM’s makes them still an adequate model choice
in regards of financial data analysis. To further study stylized facts, one can try other different combinations
of sojourn distribution and emission distribution in order find a model which is superior in regards of better
reproduce both the temporal and distributional properties. In our study, there wasn’t a superior model, each
of the HSMM’s with either shifted Poisson SD or Gamma SD, and Normal ED and T ED performed good in
different situations. One element that was excluded in this thesis was the out-of-sample forecast, which is an
important aspect when wanting to predict future values. This can be tested out for all the models to see how
well they can predict and reproduce future values. From an investment perspective, this is a very important
aspect in financial modelling. The idea is to divide the dataset into a training set and a testing set. Then use
the training set to fit the model up to time T, and forecast the observation at time T+1. In practice, fit the
model to data from times 1:T and forecast the obs at T+1, then fit the model to data from 2:T+1 and forecast
the obs at T+2, etc, using a rolling window. Then compare the forecasting values with the values on the testing
set to see how well the observations are reproduced. These results can be applied to univariate risk-measures






Table A.1: Parameter estimates for the HSMM models with Gamma SD
HSMM NO5ga HMM T4ga HSMM NO3ga
µ1 -0.3760 0.1198 -0.0125
µ2 -0.0251 -0.0093 -0.2833
µ3 -0.0417 -0.4042 0.0956
µ4 0.1371 -0.0472
µ5 0.0225
σ21 3.7768 0.4830 1.5031
σ22 0.7134 1.0747 3.0403







α1 0.7103 5.0901 1.7654
α2 42.234 1.0132 0.9402
α3 46.816 1.6456 0.8285
α4 5.2867 4.4049
α5 1.6205
β1 38.066 7.2085 20.490
β2 1.3363 31.204 37.732
β3 1.0305 21.061 40.909
β4 2.7998 10.829
β5 39.703
Table A.1: Estimated parameters of the HSMM with Gamma sojourn distribution. ν is the degree of freedom parameter,
α and β is the shape and scale parameter, respectively, for the Gamma SD.
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Table A.2: Parameter estimates for the HSMM models with shifted Poisson SD
HSMM NO5 HSMM T3 HSMM T5
µ1 -0.3427 0.0150 0.0532
µ2 0.0541 1.0435 0.1808
µ3 -0.0463 -0.1626 -0.3492
µ4 -0.1261 -0.0348
µ5 0.1181 -0.1506
σ21 3.8669 0.9412 0.4199
σ22 0.9294 0.9826 0.7336








λ1 24.046 23.920 15.362
λ2 13.551 0.0038 7.1613
λ3 9.4550 24.861 42.126
λ4 7.5275 25.389
λ5 23.799 7.7098
θ1 1 1 1
θ2 1 1 1
θ3 1 1 19
θ4 1 1
θ5 1 2
Table A.2: Estimated parameters of the HSMM with shifted Poisson sojourn distribution. ν is the degree of freedom
parameter, λ and θ is the lambda and shift parameter, respectively, for the shifted Poisson SD.
Table A.3: Parameter estimates for the HMM models
HMM NO6 HMM NO4 HMM NO6
µ1 0.3322 0.1547 0.0179
µ2 0.1372 2.2791 0.0978
µ3 -1.6967 -0.1804 -1.7028
µ4 -0.2909 -0.2210 -0.1019
µ5 -0.1223 -0.4107
µ6 1.0586 1.4050
σ21 0.9082 0.5372 2.5625
σ22 0.1347 0.3259 0.2102
σ23 0.4868 8.8657 0.3316
σ24 0.3198 1.9311 0.5877
σ25 8.1003 12.414
σ26 0.2735 0.3150
Table A.3: Estimated parameters of the HMM. The model to the left is estimated on the dataset SP500, the model in
the middle is estimated on the dataset ESTX50 and the model on the right is estimated on the dataset FTSE
Note that the parameters for the sojourn distribution in the HMM model is geometrically distributed, and the
most likely sojourn time for every state is 1. This parameter value is not shown in the R-script in the Summary
function for the hmmfit() in the R-package mhsmm.
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Table A.4: TPM and Initial prob for the HSMM models with Gamma SD
HSMM T4ga (SP500) HSMM NO5ga (FTSE)
pij =

0.00 0.91 0.00 0.09
0.92 0.00 0.08 0.00
0.00 0.00 0.00 1.00
0.00 0.83 0.17 0.00
 pij =

0.00 0.00 1.00 0.00 0.00
0.00 0.00 0.06 0.94 0.00
0.31 0.00 0.00 0.00 0.69
0.00 0.43 0.00 0.00 0.57



















Table A.4: Transition probability matrix and initial probabilities for the best fitted HSMM models with Gamma
SD on the three datasets SP500, ESTX50 and FTSE
Table A.5: TPM and Initial prob for the HSMM models with shifted Poisson SD
HSMM NO5 (SP500) HSMM T5 (FTSE)
pij =

0.00 0.00 0.00 1.00 0.00
0.00 0.00 0.39 0.00 0.61
0.00 0.55 0.00 0.45 0.00
0.20 0.00 0.80 0.00 0.00
0.00 0.96 0.00 0.04 0.00
 pij =

0.00 0.64 0.00 0.00 0.36
0.32 0.00 0.00 0.00 0.68
0.00 0.00 0.00 0.00 1.00
0.00 0.00 0.07 0.00 0.93



















Table A.5: Transition probability matrix and initial probabilities for the best fitted HSMM models with shifted
Poisson SD on the three datasets SP500, ESTX50 and FTSE
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Table A.6: TPM and Initial prob for the HMM models
HMM NO6 (SP500) HMM NO6 (FTSE)
pij =

0.702 0.000 0.203 0.000 0.000 0.095
0.000 0.813 0.000 0.187 0.000 0.000
0.960 0.000 0.000 0.000 0.040 0.000
0.000 0.000 0.099 0.573 0.000 0.328
0.011 0.006 0.000 0.000 0.983 0.000




0.974 0.000 0.000 0.000 0.005 0.021
0.000 0.879 0.000 0.121 0.000 0.000
0.081 0.000 0.000 0.887 0.032 0.000
0.000 0.000 0.101 0.743 0.000 0.156
0.060 0.000 0.000 0.000 0.940 0.000













0.925 0.000 0.000 0.075
0.657 0.271 0.000 0.072
0.000 0.001 0.970 0.029




0, 0, 1, 0
]
Table A.6: Transition probability matrix and initial probabilities for the best fitted HMM models on the three




The theory in this chapter is based on O’Connell and Højsgaard [2011], Bulla [2006] and Bulla and Bulla [2006]
B.1 State occupancy distribution
B.1.1 Shifted Poisson
The state occupancy distribution, also called the sojourn distribution, used for the hidden semi-Markov models
in this paper is the shifted Poisson distribution and the Gamma distribution. These two distribution is the only
available in O’Connell and Højsgaard [2011] who described the R package mhsmm The re-estimation of the
parameters is done in the M-step of the EM-algorithm, not only the observation components, but also the state
duration density. Guédon [2003] provides derivations for di(u) as a non-parametric probability mass function





One of the possibilities in the mhsmm package is to use common discrete distributions with an additional





we estimate λ̄i =
∑T
v=1(v − d)ηiv for all possible shift parameters d = 1, ...,min(u : ηiu > 0), choosing the d
which gives the maximum likelihood.
B.1.2 Gamma
Another possibility in the mhsmm package in R, described by O’Connell and Højsgaard [2011], is to let the
sojourn times follow a Gamma distribution, that is Ur|Sr = i ∼ Γ(ai, bi). The parameters are estimated as
follows: The likelihood for the Gamma distribution can be maximized with respect to its parameters by solving
log(âi)− ψ(âi) = log(ūi)− log(ui) (B.3)












and then solve the equation using a numerical maximization algorithm, e.g Newton’s method.
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B.2 The observation component
Based on the model selection criteria AIC and BIC, we tested all of our models. That is, hidden semi-Markov
models with Two different sojourn times, shifted Poisson and Gamma distribution, and four different emission
distributions, Normal, skew-Normal, T and Skew-T distribution, and number states varying from 2 to 6. Based
on the criteria AIC and BIC, the hidden semi-Markov models that performed best was the ones with either
Normal distribution or t-distribution as the component/emission distribution. These were the models we further
used in our analysis, that is chapter 8.3. We will in this appendix show the re-estimation formulas for both
Normal and T distribution as the component/emission distribution. The theory in this chapter is based on
Bulla and Bulla [2006] and Bulla [2006].
B.2.1 t component distribution
The derivation and maximization of the Q-function for the t distribution is not entirely straightforward, as some
of the equations requires numerical maximization methods to obtain the ML estimates. However, the techniques
presented by Peel and MClachlan [2000] for the estimation of mixtures of t-distributions can be adopted to the
case of a HSMM. The density of the t distribution with location parameter µ, ν degrees of freedom and positive






2pΓ(ν2 ){1 + δ(x,µ,Σ)/ν}
1
2 (ν+p)
where δ(x,µ,Σ) denotes the Mahalanobis distance
δ(x,µ,Σ) = (x− µ)Σ−1(x− µ),
and p dimension of observations. As ν approaches infinity, f converges to the density function of a Normal
distribution with mean µ and covariance matrix Σ. In the case of conditional t distribution, the observation
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In Bulla [2006] he refer to Kent et al. [1994] who says that for the case of a single component t distribution,




jt to increase the speed of convergence. The
re-estimation of the degrees of freedom νj is more intricate. The estimator ν
(k+1)














































which can be found, e.g., by a bisection algorithm or by quasi-Newton methods as the left hand side




B.2. THE OBSERVATION COMPONENT APPENDIX B. RE-ESTIMATION FORMULAE
B.2.2 Normal component distribution
The re-estimation formulae for the normal component distributions is straight forward, and is given by Bulla
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Guédon, Y. (2003). Estimating hidden semi-markov chains from discrete sequences. Journal of Computational
and Graphical Statistics 12 (3), 604––639.
Jurafsky, D. and J. H. Martin (2019). Speech and language processing. An Introduction to Natural Language
Processing, Computational Linguistics, and Speech Recognition 3rd edition draft, 548–563.
Kent, J. T., D. E. Tyler, and Y. Vard (1994). ”A curious likelihood identity for the multivariate t-distribution”.
Communications in Statistics - Simulation and Computation 23 (2), 441–453.
Kenton, W. (2019). Value at Risk (VaR). https://www.investopedia.com/terms/v/var.asp.
Kon, S. J. (1984). Models of stock returns–a comparison. The Journal of Finance 39 (1), 147–165.
Lin, X. S. (2006). Compound distributions.
Liu and Wang (2017). Decoding chinese stock market returns: Three-state hidden semi-markov model. Pacific-
Basin Finance Journal 44.
Ma, D. (2010). Applied probability and statistics in actuarial science and financial economics
- an introduction to compound distribution. https://mathmodelsblog.wordpress.com/2010/01/17/
an-introduction-to-compound-distributions/.
Marin, J.-M., K. Mengersen, and C. P.Robert (2005). Bayesian Modelling and Inference on Mixtures of Distri-
butions, Volume 25.
Maruotti, A., A. Punzo, and L. Bagnato (2019). Hidden markov and semi-markov models with multivariate
leptokurtic-normal components for robust modeling of daily returns series. Journal of Financial Economet-
rics 17 (1), 91–117.
McLachlan, G. and D. Peel (2000). Finite mixture models. Wiley series in probability and statistics - applied
probability and statistics section, 37–50.
McLachlan, G. J., S. X. Lee, and S. I. Rathnayake (2018). Finite mixture models. Annual Review of Statistics
and Its Application 6, 355–378.
McNeil, A. J., R. Frey, and P. Embrechts (2005). Quantitative risk management. Princeton University Press 101,
1–3, 38–44.
Murphy, K. P. (2012). Hidden semi-markov models (hsmms).
Narimatsu, H. and H. Kasai (2019). State duration and interval modeling in hidden semi-markov model for
sequential data analysis. Annals of Mathematics and Artificial Intelligence february.
Nguyen, N. (2018). Hidden markov model for stock trading. International Journal of Financial Studies 6, 1–17.
O’Connell, J. and S. Højsgaard (2011). Hidden semi markov models for multiple observation sequences: The
mhsmm package for r. Journal of Statistical Software 39 (4).
O’Connell, J., F. A. Tøgersen, N. C. Friggens, P. Løvendahl, and S. Højsgaard (2011). Combining cattle activity
and progesterone measurements using hidden semi-markov models. Journal of Agricultural, Biological, and
Environmental Statistics 16 (1), 1–16.
Palachy, S. (2019). Stationarity in time series analysis. https://towardsdatascience.com/
stationarity-in-time-series-analysis-90c94f27322.
Peel, D. and G. J. MClachlan (2000). Robust mixture modelling using the t distribution. Statistics and
Computing 10, 339—-348.
Phoong, S.-Y. and M. T. Ismail (2014). A study of finite mixture model: Bayesian approach on financial time
series data. AIP Conference Proceedings 1605, 805–808.
Picard, F. (2007). An introduction to mixture models. Statistics for Systems Biology Group (7).
Pitts, S. M. (1994). Nonparametric estimation of compound distributions with applications in insurance. Annals
of the Institute of Statistical Mathematics 46 (3), 537–555.
Pohle, J., R. Langrock, F. M. van Beest, and N. M. Schmidt (2017). Selecting the number of states in hidden
markov models: Pragmatic solutions illustrated using animal movement. Journal of Agricultural Biological
and Environmental Statistics 22 (3), 1–24.
74
BIBLIOGRAPHY BIBLIOGRAPHY
Rabiner, L. (1989). A tutorial on hidden markov models and selected applications in speech recognition.
Proceedings of the IEEE 77, 257–286.
Ruppert, D. and D. S. Matteson (2015). Statistics and data analysis for financial engineering. Springer Texts
in Statistics Second Edition, 5–8, 553–559.
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